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ABSTRACT

Energy efficiency plays a crucial role in mitigating Greenhouse Gas (GHG) emissions,
particularly in the building sector, where residential buildings are among the largest en-
ergy consumers. Despite the potential of buildings to generate Renewable Energy (RE),
increasing energy demands pose both environmental and economic challenges. This dis-
sertation presents a Machine Learning (ML)-based framework for optimizing energy con-
sumption in Connected Smart Green Townhouses (CSGTs), focusing on efficiency, cost-
effectiveness, emission reduction, and occupant comfort. A comprehensive study of adap-
tive, occupant-aware, and ML-based energy optimization is presented for Smart Green
Townhouses (SGTs) and CSGTs. The goals are prediction, optimization, and real-time
management of energy consumption, with a focus on sustainability, occupant comfort,
and system intelligence.
A model for CSGTs operating in grid-connected mode is presented. This model in-
corporates sustainable building materials, smart sensors, Photovoltaic (PV) systems, and
energy-efficient components. A hybrid Long Short-Term Memory–Convolutional Neural
Network (LSTM-CNN) model is considered with real utility datasets. The results show
that this approach outperforms traditional ML models such as Linear Regression (LR),
CNN, LSTM, Random Forest (RF), and Gradient Boosting (GB). The Mean Absolute Per-
centage Error (MAPE) is below 5%, and the coefficient of determination (R2) is above
0.85, which validates the accuracy for different bedroom configurations.
A robust ML-based optimization framework is proposed for CSGT energy and load man-
agement in island mode. The integration of Electric Vehicles (EVs) with Vehicle-to-Grid
(V2G) functionality is shown to improve system resilience. The LSTM-CNN model pro-
vides a MAPE of 4.43% and a Root Mean Square Error (RMSE) of 3.49 kWh for the
four-bedroom unit. The results confirm that occupant-aware optimization significantly
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improves performance under isolated conditions.
An adaptive control framework to enable automatic transitions between grid-connected
and island modes is developed. By incorporating occupancy, weather, and electricity
price data, the system dynamically optimizes load consumption using LSTM-CNN and
Multi-Objective Particle Swarm Optimization (MOPSO). Efficiency gains of 3–5% in grid-
connected mode and 10–12% in island mode are observed with a 4–6% reduction in
carbon emissions, demonstrating the value of real-time adaptive management.
An occupant-centric load optimization system leveraging real-time Internet of Things
(IoT) data is proposed. This human-centric approach significantly improves comfort and
operational efficiency. Energy loads are reduced by 7–13%, peak loads by 11%, and
carbon emissions by 15–24%. Cost savings of 13–21% are achieved, and occupant satis-
faction increases with a 19% improvement in thermal comfort and 14% better lighting
adequacy.
The results presented highlight the effectiveness of advanced, applicable, and scalable
ML-driven energy optimization in SGTs. The proposed approaches offer scalable, adapt-
able, and occupant-centric solutions for energy-efficient, cost-effective, and environmen-
tally sustainable residential buildings. Future research directions include integrating
advanced renewable energy storage management, real-time grid interaction, federated
learning, and edge Artificial Intelligence (AI) deployment to improve the adaptability
and efficiency of smart energy and load management in CSGTs. Integrating advanced ML
models, real-time sensor data, and adaptive control techniques will provide solutions to
address the economic, environmental, and social challenges in sustainable urban housing.
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Chapter 1

Introduction

1.1 Background
The increasing global emphasis on sustainability and energy efficiency has led to a

growing interest in the development of Smart Green Buildings (SGBs). These buildings
aim to optimize energy use, reduce greenhouse gas (GHG) emissions, and enhance the
environmental performance of urban infrastructure. Central to achieving these objectives
is the efficient management of energy demand [1, 2].
Efficient energy management is critical for multiple reasons. It enables building opera-
tors and utilities to reduce peak loads, improve energy distribution, and minimize waste.
Additionally, it supports the integration of Renewable Energy Sources (RESs), such as
Photovoltaic (PV) solar systems, which are inherently variable and depend on environ-
mental conditions.
Recent advances in Machine Learning (ML) have introduced powerful tools for energy
demand optimization in SGBs. ML techniques can extract insights from large, complex
datasets and automate predictions to support energy-efficient decision-making. However,
the performance of ML models depends on several factors including data quality, algo-
rithm selection, model complexity, feature engineering, and the amount of training data.
Various ML algorithms have been employed for building energy optimization. These
include Artificial Neural Networks (ANNs), Long Short-Term Memory (LSTM), Convolu-
tional Neural Networks (CNN), Linear Regression (LR), Support Vector Machine (SVM),
Decision Trees (DTs), and ensemble methods such as Random Forest (RF) and Gradient
Boosting (GB). Each algorithm presents tradeoffs between interpretability, computational
requirements, and prediction accuracy. For example, while ANNs can model complex
nonlinear relationships, they often require substantial data and training time. Simpler
models like LR are more interpretable but may lack prediction precision in dynamic en-
vironments.
In the context of building design, especially for residential settings, incorporating energy-
efficient strategies and renewable technologies is essential to reducing the carbon foot-
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print and improving occupant comfort. Key considerations include passive design, high-
efficiency systems, insulation, and intelligent control mechanisms.

1.2 Significance of This Study
The significance of this dissertation is its potential to advance energy optimization in

SGBs through deep hybrid ML models. By overcoming the limitations of current methods
and introducing new approaches, the aim is to improve accuracy, efficiency, and perfor-
mance. The results also contribute to sustainable urban development, supporting global
climate change mitigation and environmental sustainability.
Connected Smart Green Townhouses (CSGTs) in Burnaby, British Columbia (BC), are
considered as a case study to evaluate the proposed ML models. The focus of Burnaby
on sustainability makes it an ideal setting. A framework for integrating ML models in
optimizing energy use is developed. The insights gained can be applied to similar ur-
ban areas, promoting the adoption of energy-efficient practices in residential buildings.
The results are expected to influence policy decisions, guide future research, and aid in
developing smart, sustainable urban environments.

1.3 Research Objectives and Scope
The primary objective is to develop and evaluate a hybrid ML model for energy opti-

mization in SGBs. To support this objective, the following research goals guide the scope
and direction of the work.
• Development of a CSGT Simulation Model Design a residential-scale CSGT model
that integrates smart and green technologies such as PV systems, energy-efficient
HVAC, and IoT-enabled controls.
• Implementation of a Deep Hybrid ML Framework Develop a hybrid LSTM-CNN
model for forecasting energy demand and apply multi-objective optimization tech-
niques (e.g. MOPSO), to improve cost-efficiency, performance, and emission reduc-
tion.
• Performance Evaluation and Validation Evaluate the proposed model using real-
world datasets. Compare its performance with traditional models using metrics such
as MAE, RMSE, MAPE, and R2.
• Occupant-Centric and Grid-Aware Optimization Incorporate occupancy behav-
ior and grid conditions into the model to enable adaptive load management under
both grid-connected and island modes of operation.

By addressing these research objectives, this dissertation aims to bridge the gap be-
tween ML-driven energy optimization and practical implementation in smart residential
townhouses, ultimately contributing to sustainable, low-carbon, and intelligent energy
management systems.
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This dissertation also considers the design and modeling of residential Smart Green
Townhouses (SGTs) including CSGTs. The focus is not only on physical design but also
on incorporating smart and green technologies to improve sustainability, efficiency, cost,
and emission reduction.

1.4 Organization
The seven chapters of this dissertation are organized as follows.
• Chapter 1: Introduction provides the background, significance, objectives, and
scope of the work. It outlines the design and modeling of CSGTs and introduces the
structure of the dissertation.
• Chapter 2: Literature Review presents a comprehensive review of existing Ma-
chine Learning (ML) techniques used in Smart Green Buildings (SGBs). The chapter
categorizes these methods into engineering-based, data-driven, AI-based, and hy-
brid approaches, while identifying research gaps targeted for future investigation.
• Chapter 3: Resource Optimization for Grid-Connected Smart Green Town-
houses Using Deep Hybrid Machine Learning examines the formulation, mod-
eling, and design of CSGTs in grid-connected mode. It evaluates the performance
of hybrid ML models, particularly LSTM-CNN, in optimizing electricity, water, and
gas consumption, with metrics such as MAPE and R2.
• Chapter 4: Load Optimization in Connected Modern Buildings Using Deeper
Hybrid Machine Learning in Island Mode provides a detailed analysis of CSGTs
operating in island mode. It focuses on accuracy, resilience, and emission reduction
under isolated conditions. The integration of renewable energy sources (RESs) and
Electric Vehicle (EV)-based Vehicle-to-Grid (V2G) strategies are also addressed.
• Chapter 5: Adaptive Machine Learning for Automatic Load Optimization in
Connected Smart Green Townhouses proposes an adaptive framework that en-
ables automatic transitions between grid-connected and island modes. Real-time
occupancy, weather, and pricing data are integrated using LSTM-CNN and opti-
mized via Multi-Objective Particle Swarm Optimization (MOPSO).
• Chapter 6: Occupant-Centric Load Optimization in Smart Green Townhouses
Using Machine Learning provides a human-centric optimization framework lever-
aging real-time IoT data and LSTM-CNN models. It focuses on improving occupant
comfort while reducing peak load, cost, and emissions.
• Chapter 7: Conclusion and FutureWork summarizes the results and contributions
of the research and outlines future directions including federated learning, advanced
inverter functions, and stochastic optimization for smart, scalable building energy
systems.
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Chapter 2

Energy Management in Modern
Buildings Based on Demand Prediction
and Machine Learning—A Review

This chapter examines energy DP and optimization for the SGBs aims to reduce energy
use. In addition, ML methods have been used to improve building energy consumption,
but not all have performed well in terms of accuracy and efficiency. In this chapter,
these methods are examined and evaluated for SGBs as MB energy DP and optimization.
This section sets the stage by introducing the importance of designing residential SGBs
and highlights the key considerations that will be addressed in subsequent sections. It
serves as a precursor to the in-depth discussions and analyses that follow, guiding the
reader through the various facets of the design, formulation, and modeling process. Fur-
thermore, the dissertation includes a comprehensive review of the literature of the ML
methods applied to SGBs, providing a foundation for the methodologies used in the pro-
posed research.
The design and construction of residential and commercial buildings are among the
most energy intensive activities worldwide. Buildings contribute 20% to 40% of total en-
ergy usage [1] According to the European Union (EU) [2], urban buildings are responsible
for 40% of global energy consumption and 33% of GHG emissions. Consequently, gov-
ernments are motivated to address increasing energy consumption by reducing emissions
and improving energy efficiency while ensuring the comfort of building residents [3].
To reduce energy consumption, the European Commission (EC) has proposed nearly zero
energy buildings (NZEBs) for 2030 [3].
Fig. 2.1 illustrates the significance of energy reduction in terms of CO2 emissions and
cost based on data from home energy calculators (HECs) [4]. Fig. 2.1 gives the results of
comprehensive questionnaires administered by a United Kingdom (UK) university. Study
participants were randomly assigned one of three versions of the HEC which presented
energy consumption in kilowatt hours. Responses were thematically coded by two inde-
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Figure 2.1: Reasons why reducing energy consumption is important [4].

pendent reviewers, leading to five distinct classes on the following.
Energy-related, cost, environmental, a combination of cost and environmental, and ‘not
worth it’, indicating a lack of incentive to reduce energy use, among others.
Strategies for Demand Prediction (DP) [5] are among the solutions recommended by the
European Commission (EC) to reduce energy consumption [6, 7]. These strategies include
price-based demand response (DR), incentive-based DR, time-based DR, automated DR,
and capacity-based DR.
However, the implementation of DP strategies faces several challenges, such as oper-
ational and technological constraints, as well as limitations in data availability and ac-
curacy [8]. To address these issues, various Machine Learning (ML) methods have been
proposed [8, 9].
In modern energy management, optimization techniques are increasingly utilized to
reduce energy consumption and associated costs. This chapter evaluates ML techniques
based on their deployment potential, prediction accuracy, cost-effectiveness, and overall
efficiency in modern buildings (MBs), particularly Smart Green Buildings (SGBs).
To provide a comprehensive understanding of the domains influencing energy con-
sumption prediction and optimization in SGBs, this dissertation adopts the conceptual
framework illustrated in Fig. 2.2. The figure outlines the critical components of energy
management, including demand response, cost reduction, and emission mitigation, all
interconnected through advanced ML approaches such as Deep Learning (DL) and Neural
Networks (NNs). By examining these interconnected areas, this work aims to develop a
holistic methodology for forecasting and optimizing energy performance in SGBs, thereby
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Figure 2.2: The Machine Learning (ML) process.

promoting sustainability, operational efficiency, and energy-conscious design.
The remainder of this chapter is structured as follows. Section 2.2 presents an overview
of current ML methods and their applications in energy systems. Section 2.3 provides a
literature review on ML techniques used for energy prediction in buildings, as well as
related datasets. Finally, Section 2.4 concludes the chapter with a summary of insights
and research gaps identified.

2.1 ML Methods
Fig. 2.2 illustrates the ML process, which includes data collection, feature extraction,

training, evaluation, and prediction [10, 11, 12]. ML methods have been designed for
diverse tasks such as data analysis and pattern recognition.
ML methods can be categorized into three primary groups on the following. Supervised
Learning (SL), Unsupervised Learning (UL), and Reinforcement Learning (RL) [10, 11].
Semi-supervised learning combines aspects of both SL and UL. ML methods can also be
classified as categorical or continuous. Continuous methods include algorithms such as
Singular Value Decomposition (SVD), Principal Component Analysis (PCA), K-means, RF,
regression (linear and polynomial), and Decision Trees (DTs). Categorical methods are
used in RL algorithms for tasks such as robot navigation and gaming. UL methods com-
monly employ hidden Markov models, clustering, and association analysis. Clustering
methods often involve SVD, PCA, and K-means. NN are employed in SL and UL for tasks
such as regression, classification, sequence-to-sequence tasks, clustering, and dimension-
ality reduction. The selection of an NN architecture depends on the specific problem and
the available data [10, 11]. Fig. 2.3 illustrates the variety of ML algorithms.

Supervised Learning (SL)
SL employs feedback for prediction by learning the map from input to output [10, 11].

SL algorithms can be categorized as follows.
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• Regression Algorithms Regression algorithms are used to predict advertising pop-
ularity, estimate life expectancy, forecast markets, predict population growth, and
forecast weather. Issues with these algorithms include over-fitting, under-fitting,
multicollinearity, heteroscedasticity, outliers, missing data, non-linearity, autocor-
relation, data scaling, and data transformation. These issues can be addressed
through data preprocessing, feature engineering, model selection, and regulariza-
tion [13, 14, 15].
• Classification Algorithms Classification algorithms are used to determine a map-
ping based on the input to classify or categorize the output. Classification algorithms
include LR, Ridge Regression (RR), NN Regression (NNR), Least Absolute Shrink-
age and Selection Operator (LASSO), DT Regression (DTR), RF, K-nearest Neighbors
(KNNs), and Support Vector Machines (SVMs) [13, 14, 15].

Unsupervised Learning (UL)
UL leverages the inherent structure within a dataset for categorization. The goal is to

partition the data based on similar traits [16]. NNs are frequently used in UL as they can
uncover patterns or structures within unlabeled data. UL applications include clustering,
dimensionality reduction, feature learning and extraction, anomaly detection, generative
modeling, and density estimation [15, 16].

Reinforcement Learning (RL)
RL is used to solve problems by maximizing anticipated rewards. It often employs

a Markov Decision Process (MDP) which has states, strategies, actions, and functions.
RL reinforces important rules while diminishing the effects of others [17]. In summary,
clustering concentrates on data point grouping, classification assigns data to classes, re-
gression predicts continuous values, UL uncovers patterns without labels, and SL trains
models based on labeled data for prediction. The use of ML methods in applications
such as MBs [18] can be categorized as single, hybrid, or ensemble methods [19]. For
performance evaluation, metrics such as MSE, MAE, accuracy, and precision are often
employed.

Single ML Methods
In this case, a single method such as SVD is employed. Recurrent NN (RNN) and Back

Propagation (BP) Artificial NN (ANN) methods were employed in [20]. These single ML
methods were used to compare DP results with official data on electricity consumption in
Turkey. An Adaptive Neuro-Fuzzy Inference System (ANFIS) was used in [21] for a case
study in Ontario, Canada. The thirty years of data available in [20] were used with the
proposed model for electricity and energy DP.
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Figure 2.3: ML algorithms [15, 16].

Hybrid ML Methods
Hybrid ML methods combine two or more approaches to enhance performance [22].

This can improve accuracy and provide flexibility in handling complex tasks. Particle
Swarm Optimization (PSO) and a Genetic Algorithm (GA) were employed in [23] for
electricity DP within India. A hybrid model that incorporates Wavelet Decomposition
(WD) and Support Vector Regression (SVR) was used for hourly electricity prediction
in [24] using data collected from hotels and malls.
Hybrid ML methods can also adapt to different data types and problem domains by
leveraging the strengths of the methods. However, the scalability and feasibility of hybrid
methods in real-world applications can be a concern due to factors such as computational
complexity, data volume, and data quality. Thus, the decision to employ single or hybrid
ML methods should consider the problem, data, resources, and objectives.
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Ensemble ML Methods
Ensemble ML methods involve multiple classifiers and can be sequential or parallel.

Given the constraints of hybrid and single methods such as data collection and model
design, ensemble prediction methods have been developed such as the approach in [25].
An ensemble method which employs regression for electricity DP in the USA was pro-
posed in [26]. Results were obtained using a small number of building datasets. Ensemble
Bagging Trees (EBTs) method was introduced in [27] to provide improved building en-
ergy prediction performance compared to the Classification And Regression Tree (CART)
method. A comparison between ML and regression-based methods is now given.

Comparison of ML and Regression-Based Methods
Regression is extensively employed in ML models. It is frequently used to estimate the

relationship between load and other variables by predicting the correlation between a
variable or predictor and an object [28]. When considering model selection and regular-
ization techniques for an application, it is important to consider methods that align with
the data characteristics and analysis. The choices for several application areas are given
below [13, 14, 29].

Economics and Finance
Model: Depending on the complexity of the relationships between economic indicators,
LR or more advanced techniques such as polynomial regression (PR), RR, or LASSO re-
gression can be employed.
Regularization: LASSO can be advantageous for better generalization and handling mul-
ticollinearity.

Natural Language Processing (NLP)
Model: Techniques such as logistic regression are often used for sentiment analysis and
text classification. Languagemodeling typically employsmethods such as RNNs or transformer-
based models.
Regularization: Techniques such as dropout are beneficial to prevent overfitting in NNs.

Image and Signal Processing
Model: CNNs are often used for image denoising, deblurring, and super-resolution

tasks.
Regularization: Techniques such as weight decay and batch normalization are com-
monly used to regularize CNNs in image processing.
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Energy and Power Systems
Model: Depending on complexity, LR or more advanced methods such as Autoregres-

sive Integrated Moving Average (ARIMA) can be applied for power grid load forecasting.
Regularization: LASSO or RR can be used to overcome multicollinearity and overfitting
in energy consumption prediction models.

Transportation and Traffic Engineering
Model: LR, time series analysis, or autoregressive models are suitable for traffic flow

prediction and transportation demand modeling.
Regularization: RR has been used to improve robustness and prediction accuracy in
traffic-related models.
The suitability of methods and techniques can also depend on dataset size, noise, and other
factors unique to the application. Regression methods are also used to model time series
data and explore causal links between variables. Thus, they are employed in many engi-
neering applications [13, 14, 29].
Statistical methods, known as regression analysis, have been employed to uncover rela-
tionships between variables. The methods used in regression analysis for ML include LR,
logistic regression, PR, Softmax Regression (SR), RR, LASSO, and Elastic Net Regression
(ENR). Prediction is essential in establishing relationships between dependent and inde-
pendent variables [13, 14, 29]. In [29], both ANNs and hedonic pricing were used with
real residential property data to estimate market prices.
As previously mentioned, the primary regression methods are simple LR, multiple LR,
PR, SVM, DTR, and RF. Each method has advantages and disadvantages which should be
considered in selecting the most appropriate method for a given application.

Classification and Regression Methods in ML
Classification involves identifying or seeking a model or function to divide data into

different categories. Classification and regression methods are commonly employed to
solve prediction problems. Regression is often used with continuous data, as indicated
in Table 2.1 [29]. Table 2.1 presents a comparison between classification and regres-
sion methods based on value, types, mapping, prediction data, evaluation metrics, and
sample/example algorithms.
Various methods have been considered for DP including multiple regression, expo-
nential smoothing, iterative re-weighted least-squares, autoregressive moving average
(ARMA), ARIMA, adaptive load forecasting, AR stochastic time series, SVM, GA, FL,
and NN. A comparison of regression and ML methods for DP was presented in [30]. Gaps
in existing research and some research challenges were given in [31]. The performance
of supervised ML models including KNN, LR, and RF was considered in [32] for hourly
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Table 2.1: Comparison of classification and regression methods [13, 14, 29].

Factor Classification Regression

Mapping Predefined categories No predefined categories
Values Discrete Continuous

Predicted Data
Type

Unordered Ordered

Metric Accuracy RMSE
Sample Algorithms Decision Tree (DT), Linear Programming,

Neural Networks (NN), Statistical Methods
Regression Tree (RT), Simple and Multiple
Regression, Logistic Regression (LR),

Nonlinear Regression

DP using an electricity dataset from Sydney, Australia. It was shown that KNN provides
the best performance.
Understanding the merits and drawbacks of regression and classification, and the as-
sociated methods and algorithms, is essential to achieving satisfactory DP performance.
In [13, 14, 29] it was demonstrated that soft-computing-based DP strategies can yield
substantial performance benefits. Furthermore, hybrid methods have gained popularity
due to their improved precision and efficiency in solving prediction tasks [13, 14, 29].
These results indicate that ML methods have had a pivotal role in shaping DP strategies.

2.2 Literature Review
2.2.1 ML Methods for DP
In the past three decades, ML methods have received significant research attention

across a diverse range of applications [33]. This section examines the use of these meth-
ods for DP. Wang et al. [27] used the EBT algorithm for energy DP in buildings on the Uni-
versity of Florida campus with the goal of reducing energy consumption. Chen et al. [24]
employed SVR and Multi-resolution Wavelet Decomposition (MWD) for DP of hourly elec-
tricity consumption considering data from hotels and malls and the Non-Stationary Op-
erated Building (NSOB) problem for a 24-hour cycle. Li et al. [34] used K-means with a
spatiotemporal structure for travel within Shenzhen, China, to investigate transportation
demand. Zhou et al. [35] integrated Multi-output SVM (MSVM) and Multi-Task Learning
(MTL) for traffic DP in Taipei, Taiwan. Chouikhi et al. [36] leveraged a PSO algorithm
based on an effective learning process [37] to tune an Echo State Network (ESN) for time
series prediction.
Amasyali et al. [31] employed ML algorithms such as SVM and ANN for energy con-
sumption DP within several types of buildings. Buddhahai et al. [38] introduced a multi-
purpose classification system with a new learning structure using K-means clustering for
high-power load monitoring. DP and load behavior were analyzed to optimize power
consumption performance. Ahmadzadeh et al. [39] investigated the application of ML
and Deep Learning (DL) algorithms to distributed Smart Grids (SGs) considering security
and reliability [40]. The KNN, naïve Bayes, and DT methods were shown to improve
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Figure 2.4: Building energy consumption demand prediction (DP) categories [31].

offloading decision accuracy and thus energy efficiency.
ML methods have been employed in various domains, including energy management in
malls and hotels [24], energy reduction in buildings [27], heating and cooling demand
management [28], property market price analysis [29], and building energy consump-
tion [31]. Other applications include power load analysis [33], urban traffic control [34],
time series prediction [36], antenna design [38], adaptive authentication for wireless net-
works [41], distributed SG performance enhancement [39], energy efficiency [40], and
load maintenance and peak shaving in buildings [42].

2.2.2 ML-Based Prediction Methods
Figure 2.3 shows that ML algorithms for DP in buildings can be categorized into

engineering-based, AI-based, hybrid, and data-driven methods. Engineering-based meth-
ods use thermodynamic principles to model and analyze energy demand, while data-
driven methods extract insights from available data [31]. Furthermore, ML-based predic-
tion methods have been developed to improve performance and efficiency.
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Johannesen et al. [32] considered ML-based prediction methods including KNN, linear,
and RF regression for electricity network load demands. Al Mamun et al. [43] employed
DP within power systems for robust load management, including fault prediction. The re-
sults obtained illustrate the advantages of hybrid methods. Queen et al. [44] developed
an ML model for prediction within IEEE 14 and 30 bus networks. LR and PR models
were employed to forecast costs and stabilize voltage in an investigation of the interplay
between technology and economics in RESs.
Zhang et al. [45] introduced a self-adaptive and hierarchical methodology for real-time
voltage stabilization. A hierarchical power systemmodel was developed that incorporates
discrete learning. Luque et al. [46] used historical data and economic factors to antic-
ipate demand in a Spanish electrical network. The power consumption behavior of 27
million users was examined using regression, variance analysis, and categorization based
on spatial and cost considerations specific to Spain. The results were used to guide deci-
sion making for electricity retailers in the power market. Ahmad et al. [47] examined ML
and data mining methods for DP, including ANN, SVM, clustering, and statistical-based
methods for energy mapping, profiling, and prediction. The four approaches to energy
DP, namely engineering-based, AI-based, hybrid, and data-driven, as shown in Fig. 2.4,
were considered [31].

2.2.3 Validation in DP
Management of energy consumption within Micro-Grids (MGs) plays a pivotal role in

the evolution of SGs and Smart Buildings (SBs). Real-time prediction and load scheduling
are critical to leveraging the tradeoff between energy demand and cost. This requires val-
idation to substantiate results and corroborate assertions. For example, Queen et al. [44]
used Cross-Validation (CV) to select a suitable model. Also, Godinho et al. [9] used MAE
and RMSE for model evaluation, while while Shahriar et al. [48] employed K-fold CV
for Electric Vehicle (EV) charging prediction. Dataset testing and model validation to
evaluate ML models’ accuracy were conducted in [49]. Sajjad et al. [50] proposed a hy-
brid ML-based energy DP model that combines CNNs with Gated Recurrent Units (GRUs).
Testing and validation within a two-tiered structure were conducted to ensure accurate
electricity consumption prediction.

2.2.4 MB Features
Smart and environmentally conscious MBs are being designed to provide a variety

of features catering to both building owners and inhabitants. The focus is on sustain-
able buildings (SUBs) [51, 52] that incorporate elements such as intelligent, automated,
and adaptable management systems, indoor climate regulation, and energy-efficient mea-
sures. However, the promise of SBs has yet to be realized [53].
Market adoption in the context of SGBs (see its characteristics in Fig. 2.6) was explored
in [54]. It was argued that this depends on how users perceive the benefits. For exam-
ple, enhanced energy management can result in diminished control over building opera-
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tions. MBs share many features with SBs including advanced HVAC systems, sophisticated
information processing capabilities, and comprehensive Building Management Systems
(BMS) [55].

2.2.5 MB Components
MBs employ components from advanced HVAC systems to responsive BMSs. They

play a vital role in realizing the vision of a sustainable and intelligent future. These
components are discussed below.

Building Heating and Cooling Systems
The solutions proposed in [56] not only contribute to improvements in building elec-

trical systems and their components, but also facilitate user energy savings, particularly
when coupled with RESs [57]. Furthermore, the adoption of effective policies and solu-
tions [58] plays a crucial role in stabilizing and reducing GHG emissions. The energy per-
formance assessment of buildings conducted by the EC [59] from 2010 to 2018 illustrates
the steps being taken [60] and the tradeoffs between economic growth, urban building en-
ergy consumption, and economic outcomes. A significant percentage of building heating
and cooling systems have sub-optimal efficiency. It was shown in [61] that over 80% of
GHG emissions are from such systems. This necessitates examining the energy demands
associated with HVAC systems, as well as the heating and lighting requirements [61],
[62]. Thermostatically controlled loads (TCLs) including air conditioners, hot water stor-
age tanks [63], and water heaters have emerged as promising and adaptable resources
to meet energy demands. TCLs are Flexible Loads (FLs) that can be used to reduce the
effects of power consumption fluctuations on thermal generators [64].
Technologies such as traditional and pulsating heat pipes have been shown to improve
the energy efficiency of HVAC systems [65] via efficient heat exchange [66]. Pulsating
heat pipes provide high thermal conductivity and can rapidly and efficiently cool building
components [67]. Heat pipes are an important component of building heating and cooling
systems to improve energy conservation and reduce GHG emissions.

Component Integration with SGB Technologies
Fig. 2.6 illustrates the SGB concept, which includes sustainable site practices, water-

efficiency measures, energy and atmospheric considerations, material and resource strate-
gies, indoor environment quality enhancements, and innovative design processes. The SB
concept includes the Voice over Internet Protocol (VoIP), data networks, video-distribution
mechanisms, wireless systems, robust cabling infrastructure, HVAC control systems, power
management solutions, programmable elements, lighting controls, and comprehensive fa-
cility management. The shared traits are energy optimization, enhanced performance,
supplementary commissioning, precise measurement and verification, carbon dioxide
monitoring, adaptable system control, and continuous monitoring. They allow SGBs to
attain energy savings, reduce their environmental impact, and provide healthier and more
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Figure 2.5: The SGB characteristics [17].

comfortable living and working environments for occupants. Figure 2.5 illustrates that
Smart Green Buildings (SGBs) combine the key characteristics of both green buildings and
smart buildings, integrating their features and characteristics into a unified framework.
FLs can be used to mitigate the challenges associated with DR. They allow power con-
sumption management within designated time intervals [63, 64]. Moreover, TCLs can be
used to reduce energy consumption during peak periods. This is important as electricity
consumption within MBs is projected to outpace the growth in energy generation, thereby
increasing the discrepancy between supply and demand [68]. To address this problem,
RESs and MGs have emerged as solutions to improve local reliability, energy manage-
ment [69], and network efficiency [70]. Amir et al. [71] examined the integration of
SBs and GBs. SBs were shown to be well suited to improving energy efficiency in [70].
The International Data Corporation (IDC) has reported an increase in the number of SBs
from 6.3 billion in 2014 to 17.4 billion in 2019 [71]. System automation and control in
SBs can lower life-cycle expenses [72, 73], and distributed energy resources (DERs) and
MGs can be used to satisfy user needs via energy-management tools. SB lighting solutions
have been shown to reduce energy consumption by 50% [72, 73]. GBs and SBs are com-
plementary components of SGBs [55]. SBs improve the performance of GBs while GBs
improve the intelligence of SBs. GBs represent a holistic approach to constructing and
operating environmentally conscious and resource-efficient structures, encompassing all
stages from siting and design to construction, operation, maintenance, renovation, and
eventual deconstruction. This augments the traditional focus on economic viability, util-
ity, durability, and comfort within buildings [70, 74]. The BMS is a key component of
SBs and GBs. It was shown to provide up to 30% energy savings by monitoring, measur-
ing, and optimizing building performance [70, 72]. The BMS controls diverse functions
including HVAC systems, chillers, and lighting management [72, 73].
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2.2.6 DP in MBs
Efforts to address the challenges with MBs center around effective management of

power supply and consumption using techniques such as peak shaving, load reduction,
DP, and efficiency models [75, 76, 77]. Numerous methods have been proposed for SGBs
and MG systems [1, 78]. Mohammed et al. [79] considered Mixed-integer Linear Pro-
gramming (MILP) for Economic Dispatch (ED) with grid-connected MGs to reduce opera-
tional costs and thermal energy usage. Smith et al. [80] used DP to improve the efficiency
and performance of multi-carrier MG systems. A multi-carrier MG system provides more
flexible, efficient, and intelligent energy management to lower costs and decrease ther-
mal energy consumption. Kamal et al. [81] used MGs to optimize distribution network
energy management. These approaches employ mechanisms such as DR, load shifting, en-
ergy storage, grid integration, predictive maintenance, and renewable energy integration.
Multiple MGs have been used to enhance system operation and reliability via improved
energy consumption decision making [82, 83]. In [8, 9, 76], SGBs were shown to im-
prove energy efficiency and performance while reducing energy consumption. Homaei et
al. [84] considered robust high-performance building designs in smart cities considering
climate and occupant uncertainties. An energy-management system using an aggregator,
MILP Model Predictive Control (MPC), and Q-learning for an SB was proposed in [85]
considering uncertainties in real-time data. Wang et al. a [27] employed a homoge-
neous ensemble prediction model for energy demand in an institutional building. Ding
et al. [86] used a model to analyze the energy consumption in GBs in China by lever-
aging payment data. Load prediction for GBs was investigated in [87]. Historical data
were used in an energy management system (EMS) to improve performance considering
energy storage. Masburah et al. [88] estimated real-time uncertainty in building loads
using Gaussian Process (GP) learning. GBs with MGs were examined in an ED context.

Analytic Hierarchy Process (AHP)
The analytic Hierarchy Process (AHP) [89] has emerged as an invaluable tool in under-

standing the impact of SGB innovations, particularly in the context of decision making.
Gluszak et al. [72] studied the impact of SGB innovation on real estate markets using
the AHP [90]. This shows the AHP method is relevant for DP in MBs. The prediction
accuracy is based on three factors on the following. The prediction method, the data
quality, and the amount of data. A suitable prediction method combined with sufficient
high-quality data can yield precise and dependable building performance prediction, in-
cluding energy consumption for heating and cooling. The AHP is important as it aids in
the assessment and prioritization of these factors, enabling more informed and effective
decision making.

2.2.7 ML Methods Applied in MBs
ML methods such as ANN and RNN, and DL models such as Unidirectional LSTM (UL-

STM) and bidirectional LSTM, have been used for energy DP to improve the accuracy, ro-
bustness, and efficiency of MB modeling [9, 27, 67, 77, 91, 92, 93, 94]. In [93], Olu-Ajayi
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et al. considered ANN, RL, and decision algorithms for energy storage, cost reduction,
management, and DP. RNNs, ULSTMs, and bidirectional LSTMs were used in hybrid DL
models to forecast energy demand in [68]. It was shown that bidirectional LSTMs can
effectively capture energy consumption patterns in SGBs.
Amasyali et al. [31] used ML models such as ANN, GB, Deep NN (DNN), RF, KNN, SVM,
DT, and LR for energy consumption prediction in residential buildings using a large res-
idential dataset. DNN was shown to be the best model, especially in forecasting annual
building energy consumption. Godinho et al. [9] examined ML methods such as LR, PR,
ANN, and SVM for SB cost reduction and performance improvement. They determined
that ANNs provide a 10–20% improvement in forecasting heating demand compared to
other methods. Zhao et al. [77] used the commercial solver MOSLEK 8.1 in MATLAB to
obtain good MG accuracy with computational and operational efficiency while provid-
ing a cost reduction. Peng et al. [95] studied Bayesian Regularization (BR), Levenberg–
Marquardt (LM), and ANNmethods for commercial and residential building load forecast-
ing. They evaluated the accuracy over different time periods and determined that ANNs
provide the best day-ahead and hour-ahead forecasting results. Lu et al. [96] adressed
DR in home energy management systems (HEMS) using RL and ANN methods [97]. Price
and user energy cost prediction, smart home performance, and controllable and non-
controllable loads were examined. Dagdugui et al. [8] employed an NN and learning
algorithms for load forecasting.
Table 2.2 presents a performance comparison of ML algorithms considering eight met-
rics. Tables 2.3 and 2.4 present a comparison of research and review papers selected
based on their relevance and importance. They provide a comprehensive perspective
on the methods employed in the literature and indicate that AI systems play a pivotal
role in the MBs, facilitating advanced automation, optimization, and decision making.
Figure 2.6 shows that these systems within the MBs contribute to improved energy effi-
ciency and occupant comfort, increased safety and security, and more effective facility
management [44, 75].
Based on Table 2.2 Most algorithms perform well in terms of accuracy and energy con-
sumption, but many are lacking in areas such as training speed and cost efficiency. The
work in the current study (”This work” in Tables 2.2, and 2.4) shows superior performance
across all metrics, indicating a more comprehensive and balanced approach.
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Table 2.3: Comparison of ML methods.

ML Methods Ref. Year Model Components Objectives
BR, LM, ANN [8] 2019 SCRB Building energy forecasting using

an NN model
RT [17] 2019 SBRS Hybrid ML model (ARIMA, logistic

regression, ANN) for peak load
forecasting

Extreme GB,
Bayesian
optimization

[19] 2023 RES, PV-driven air
conditioner

Real-time energy DP

EBT [27] 2018 BMS Stability and prediction
SVM, MLP, CNN,

DT, RF
[28] 2018 Autonomous car Road image recognition

ADWIN, FSA,
DDM

[99] 2020 RB Automated modeling of residential
appliances

ANN [30] 2020 Bicycle sharing station Hybrid ML for bicycle-sharing DR
Online
algorithms

[63] 2017 HVAC system in an SB Real-time occupancy prediction for
building automation

Hybrid DL [66] 2014 SGB Grid frequency regulation in a
commercial building

Two-stage robust
optimization

[77] 2018 DER, NMG Improving power system resilience

MPC, Q-learning [85] 2022 ESS, Aggregator, SB Energy management of residential
resources (TCLs, PV systems, EVs)

ANN, RL [92] 2021 SS, HEMS, RES Reducing energy cost, customer
dissatisfaction, and grid

overloading
ANN, GB, DNN,
RF, Stacking,
KNN, SVM, DT,

LR

[93] 2022 RB Predicting annual building energy
consumption

RL [95] 2020 SH Adaptive home automation for
energy DP

RL, ANN [96] 2019 HEMS Hour-ahead DR
CNN, ANN [98] 2017 RB Energy load forecasting
Hybrid models [100] 2019 DER, MG Energy system analysis using a

taxonomy of models and
applications

Table 2.3 shows the diversity in ML approaches applied to energy and building-related
challenges. For instance, studies using NNs often focus on energy forecasting, while hy-
brid models are commonly used for optimization in complex energy systems. The use
of modern ML techniques has expanded significantly in recent years, indicating growing
interest and development in the field.
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Table 2.4: ML in MBs.

Reference Applications Objectives Year
[1] RBs Net-zero-energy building optimization and

design
2021

[19] SBs, SGs DP analysis and optimization with a hybrid
ML model

2023

[43] SBs, SGs Load forecasting with a hybrid ML model 2017
[59] SBs, smart cities Energy savings and efficiency 2020
[73] SBs ML method and big data analytics evaluation 2019
[88] SGBs Analysis of SUB features, e.g., automation 2019
[97] Buildings Building energy use forecasting using NNs 2019
[100] Energy systems ML models for energy systems and their

applications
2019

[101] SBs Crowdsourcing for fault detection 2017
[102] SBs HEMS for energy reduction 2018
[103] Mobile multimedia Soft/hard frameworks 2017
[104] Non-residential

buildings
Energy analysis and optimization 2017

[105] Commercial
buildings

Electricity load forecasting 2017

[106] GBs Construction cost prediction 2022
[107] SBs, smart cities Intelligent environment evaluation 2018
[108] SBs DRL for energy management 2021
[109] SB control RL for energy and security control 2020

This work MBs, energy systems ML methods evaluation 2023

In Table 2.4, ML is extensively used for optimizing energy consumption and improving
building efficiency in both residential and commercial settings. The variety of applica-
tions (e.g., net-zero buildings, fault detection) shows that ML techniques are integral in
advancing sustainable and intelligent building management systems.

2.2.8 Materials and Technologies for Energy Efficient Buildings
The selection of appropriate materials and technologies is important for sustainable

and energy-efficient building design [110]. Innovative solutions are required to reduce
energy consumption and the environmental impact. Hybrid Multiple-Criteria Decision
Making (MCDM) [111] has been shown to be an effective methodology for assessing and
selecting materials that align with energy efficiency objectives. It combines decision-
making techniques to evaluate multiple criteria and the tradeoffs in material selection.
MCDM provides a systematic framework to prioritize materials based on factors such
as thermal performance, durability, cost-effectiveness, and environmental sustainability.
In [112], a hybrid MCDMmodel was proposed to evaluate polymeric materials for flexible
pulsating heat pipes. This contributes to the use of energy-efficient building materials and
technologies by providing valuable insights for architects, engineers, and stakeholders in
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Figure 2.6: Artificial Intelligence (AI) system components in MBs [44, 75].

the construction industry. Hybrid MCDM has also been employed with ML methods for
building applications [110, 111, 113].
Model ML offers a variety of models for SB tasks such as DP, energy optimization,
and fault detection. Hybrid MCDM can be used to evaluate ML models and select the
most appropriate one for a building-related task based on criteria such as accuracy, in-
terpretability, computational cost, and available data.
Feature Selection Feature engineering and selection are crucial in building ML models.
Hybrid MCDM can help choose the best set of features (variables) for a prediction or
optimization task in a building context. This can lead to more efficient and accurate
models.
Algorithm Tuning ML algorithms have hyperparameters that need to be tuned for
optimal performance. Hybrid MCDM can aid in selecting the best hyperparameter values
considering the performance metrics and constraints specific to building applications.
Data Preprocessing Building datasets can be complex with various types of data, e.g.,
sensor, weather, and occupancy data. Hybrid MCDM can guide decisions on data pre-
processing such as handling missing data, data scaling, and outlier detection to ensure
high-quality data for ML models.
Ensemble Methods Ensemble ML models are often employed to improve prediction
performance. Hybrid MCDM can be used to determine the best ensembles considering
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the strengths and weaknesses of individual models.
Model Evaluation Hybrid MCDM can assist in evaluating the performance of ML mod-
els. This includes the selection of appropriate evaluation metrics, e.g., MAE, RMSE, and
F1-score, and weighting them based on their importance in the context of building appli-
cations.
Risk Assessment In building management, there may be risks associated with ML ap-
proaches. Hybrid MCDM can help in assessing these risks and making decisions that
balance factors such as accuracy, robustness, and potential negative impacts.
Energy Optimization ML is commonly used for energy optimization in SBs. Hybrid
MCDM can assist in choosing the right ML methods to optimize energy consumption
considering factors such as building type, occupancy patterns, and available technologies.
In summary, hybrid MCDM can enhance the use of MLmethods in building-related tasks
by assisting in model and feature selection, algorithm tuning, and evaluation. This will
help ensure that ML solutions are tailored to the specific requirements and constraints of
SB applications, leading to more effective and efficient building management.

2.2.9 Datasets
It has been demonstrated that model accuracy depends on the method employed as well

as data quality and quantity [97]. Thus, the availability of real historical datasets is im-
portant for effective buildingmodels. In [68], hybridMLmethods were used with two real
energy consumption datasets to forecast energy consumption in SBs considering the ap-
pliances. ML was employed in a real hospital dataset in [49] for prediction and treatment
purposes. In [9], a one-year real historical dataset with hourly measurements of occu-
pancy profiles, solar gains through glazing, outdoor dry-bulb temperatures, and heating
and cooling fluid temperatures was considered.

2.3 Conclusions
This chapter examined ML methods for energy management prediction in MBs. It was

observed that hybrid and ensemble ML methods such as Support Vector Machines (SVM)
combined with RF outperform single prediction models. In particular, hybrid ML models
can achieve up to 15% higher accuracy in energy consumption prediction than single
ML models. The results presented show that ML methods can be used for accurate and
efficient energy management in MBs. Furthermore, incorporating additional attributes in
the dataset can improve energy prediction accuracy and efficiency.
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Chapter 3

Resource Optimization for
Grid-Connected Smart Green
Townhouses Using Deep Hybrid
Machine Learning

Resource optimization in Smart Buildings (SBs) has advanced significantly with a focus
on efficiency, performance, and cost reduction while minimizing emissions [1, 2, 5, 114,
115]. Integrating Renewable Energy Sources (RES) such as Photovoltaic (PV) systems is
essential for sustainable energy use in cities. Predictive analytics and supportive energy
policies also play vital roles in SB optimization [116, 117, 8]. Studies show that Smart
Grid (SG) integration can lower costs, reduce emissions, and improve building perfor-
mance [9, 11, 118]. Connected Smart Green Buildings (CSGBs) aim to increase resource
efficiency and sustainability. They utilize advanced technologies and RES to achieve eco-
nomic and environmental benefits [12, 13, 14].
Buildings contribute significantly to energy use and emissions. For instance, the U.S.
building sector accounted for 32% of primary energy use in 2019, with similar trends in
other countries [97, 119, 120]. Improving efficiency is crucial for lowering Greenhouse
Gases (GHGs) and costs. In the EU, a 20% increase in building efficiency can save around
60 billion Euros annually [121]. Managing energy use in buildings can help address
climate change. There is a need for advanced Heating, Ventilation, and Air Conditioning
(HVAC) systems and predictive energy strategies to improve SB efficiency [122, 123,
124]. Data-driven energy management systems can further optimize energy use.
Machine Learning (ML) and predictive analytics enable real-time control and adapt-
ability for SBs [125] to increase efficiency, lower emissions, and provide accurate energy
predictions. ML-based models such as Long Short-Term Memory (LSTM) and Convolu-
tional Neural Networks (CNN) can improve energy management in grid-connected build-
ings [122, 123, 124, 125]. This chapter introduces a deep hybrid LSTM-CNN model for
resource optimization in CSGBs. This model improves resource use and aligns with sus-
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tainability goals. Cross-sector collaboration is key to advancing sustainable practices for
CSGBs. The focus here is on optimizing energy use in grid-connected CSGBs [126, 127].
The remainder of chapter 3 is organized as follows. Section 2 presents the CGST model.
Sections 3.3 and 3.4 present the model details, results, and insights on energy optimiza-
tion for a sustainable future. Finally, Section 5 gives some concluding remarks.

3.1 CSGT Modeling
This section presents the CGST model emphasizing effective technology-driven solutions.
SGBs provide a sustainable architecture bymerging advanced technology with eco-friendly
design [128]. Energy modeling is essential in sustainable construction as it helps predict
building performance and balance resource efficiency with environmental goals while
prioritizing occupant well-being.
Grid-connectivity is a key aspect of this work as it enables dynamic energy optimization
by utilizing real-time data from the grid for better load balancing and demand response.
This mode integrates RESs like PV systems with the grid to ensure a stable supply when
RESs are insufficient. It enhances operational efficiency by allowing for the sale of excess
renewable energy and optimization based on time-of-use pricing. Grid-connected model
also supports scalability, providing a foundation for smart communities with microgrids
and energy hubs.

3.1.1 Climate
This chapter considers the energy and climate challenges in Canada, focusing on the
unique environment of Burnaby, BC. The impact on load consumption and energy opti-
mization in smart and green buildings is examined. Understanding the climate is crucial
for designing SGTs [125, 129, 130, 131].
Fig. 3.1 gives the average daylight hours (blue bar) which is the time from sunrise to
sunset each month. This shows how long the sun is above the horizon, regardless of the
weather. Also given are the sunshine hours (orange bars) which are the actual hours of
sunlight without obstruction. These hours are typically less than daylight hours due to
clouds or rain. Fig. 3.1 indicates that maximum daylight occurs in June with 16.02 hours
and the minimum occurs in December with 8.03 hours.
Heating Degree Days (HDD) are used to estimate the energy needed to heat buildings
based on outdoor temperatures. HDD measures how much and for how long the outdoor
temperature is below 18°C, indicating when heating is needed. The unit is °C·days. Archi-
tects and engineers use HDD to design heating systems and improve resource efficiency.
Utilities use HDD to predict heating fuel demand and manage supply. By understanding
HDD trends, energy use can be optimized, reducing emissions and enhancing sustainabil-
ity. Fig. 3.2 shows the climate zones in BC based on HDD which are crucial for climatic
analysis. HDD provides vital data for designing efficient heating systems in the proposed
SGTs.
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Figure 3.1: Average daylight and sunshine in Burnaby [131] during January to
December 2023.

3.1.2 SGT Formulation
This work considers a characteristic home from [128, 132, 133], with slight modifications
for a one-story townhouse in Burnaby. The base model is a two-story townhouse (2,140
sq ft) built in 1995 and renovated in 2007-2008 [128]. Major renovations typically occur
every 15-20 years. The home is oriented south to enhance resource efficiency. The 1-Bd
SGT is for a young couple in their 30s without children. The 2-Bd SGT is for a couple in
their late 30s with one child. The 3-Bd SGT is for a couple in their early 40s with two
teenage children. The 4-Bd SGT is for a mature couple in their mid-40s with a family of
five.
Leadership in Energy and Environmental Design (LEED) certification and Canada Green
Building Council (CGBC) standards are crucial for resource efficiency and emission reduc-
tion [128]. The approach focuses on limiting emissions by using electricity as the sole
energy source and installing PV systems for net-zero energy [134]. This eliminates on-site
fossil fuel usage. Surplus electricity can be exported to neighbors during sunnier months.
Neighbors with their own PV systemsmay also generate excess energy, particularly during
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Figure 3.2: BC climate zones based on Heating Degree Day (HDD) [13].

peak sunlight hours.
Table 3.1 lists the sustainable materials and components used for SGTs in Canada [124].
Each is selected for its eco-friendly properties and contribution to sustainable living.
Many are already widely used in sustainable buildings globally. Bamboo flooring is re-
newable, durable, and aesthetically appealing. Recycled and reclaimed wood are com-
monly used for structural and decorative purposes, promoting waste reduction and re-
source conservation. PV panels, LED lighting, and heat pumps are essential for energy-
efficient buildings. They are employed in residential and commercial buildings and
GBs [135, 136, 137]. They meet local and international codes for sustainability, resource
efficiency, fire safety, and structural integrity [138, 139, 140] including LEED and Build-
ing Research Establishment Environmental Assessment Method (BREEAM) standards.
Having both air conditioners and heat pumps in SGB designs ensures efficient temper-
ature control year-round, saving energy and reducing environmental impact [141, 142].
Heat pumps transfer heat rather than generate it, making them more energy-efficient
than traditional heating systems. They can provide both heating and cooling, reducing the
need for separate systems. As heat pumps use electricity, they help reduce GHG emissions.
High-efficiency air conditioners are better suited for extreme cooling needs. Modern air
conditioners, especially those connected to smart systems, allow remote control and op-
timized cooling cycles for energy reduction [141, 142]. This work considers R6 windows
that reduce heat transfer and improve insulation, thus lowering energy consumption for
heating and cooling [124]. This conforms with the R2000 program, a Canadian energy
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Table 3.1: The sustainable materials and components of SGTs.

Material Properties
Bamboo Flooring Renewable, durable, and eco-friendly.
Recycled Wood High strength, recyclable, and long-lasting.
Recycled Glass Countertops Eco-friendly, durable, and visually appealing.
Cork Wall Insulation Renewable, lightweight, and excellent insulation.
Reclaimed Wood Recycled, unique aesthetic, and reduces deforestation.
PV Solar Panels Renewable energy source (RES), reduces electricity costs.
Low Volatile Organic Compounds
(VOC) Paints

Low VOC content reduces indoor air pollution.

Rainwater Harvesting System Collects rainwater for landscape irrigation.
Light Emitting Diode (LED) Lighting Energy-efficient, long-lasting, and reduces electricity consump-

tion.
Recycled Insulation Materials Utilizes recycled materials for thermal insulation.
Hot Water Tank Efficient water heating with insulated storage.
Heat Pump Energy-efficient heating and cooling.
Smart Home (SH) Hub Connects and manages smart devices, facilitates remote monitor-

ing without necessarily implementing automation features.
Air Conditioner High-efficiency cooling system.
Smart Meters Monitors and optimizes resource consumption.
Smart Plugs Enables remote control and energy monitoring.
Smart Thermostat Programmable and energy-efficient temperature control.
Connected Appliances Appliances with internet connectivity for remote monitoring and

control.
Envelope & Structural Mass Enhances building insulation and thermal mass for resource effi-

ciency.
R6 Windows High-performance windows with an insulation value of R6, re-

ducing heat loss and improving resource efficiency.
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Figure 3.3: SGT components in grid-connected mode.

efficiency standard [143]. Fig. 3.3 shows the SGT components in grid-connected mode.
An HVAC system performance model based on [123, 143, 144] is employed here.

Connecting Townhouses for Improved SGTs
Connecting residential buildings reduces resource consumption and costs [145]. This is
crucial in SGTs to lower load consumption, lower costs, and improve efficiency. Con-
nected buildings enable more efficient energy management [145] as they form a single
unit similar to Micro-Grids (MGs) [37, 146]. CSGTs in grid-connected mode are consid-
ered to reduce electricity consumption, improve demand response, and enhance overall
performance. The building consists of four connected townhouses (1, 2, 3, and 4 bedroom
CSGTs). Grid connection adds to the system complexity. In this work, the challenges, and
solutions related to load consumption in SGTs connected to the grid are examined [145].
The advantages of connecting SGTs include reduced resource consumption, lower costs,
improved efficiency, and load optimization. These benefits demonstrate how connected
systems contribute to sustainable and efficient SGBs.
Real datasets for connected townhouses include two key components on the following.
Connected water systems [128, 147] and party walls [148, 149]. Party walls are shared
walls between adjacent properties and are commonly found in townhouses. They are
jointly owned and maintained by property owners. Agreements for party walls outline the
responsibilities for maintenance, repairs, alterations, and dispute resolution. Connected
townhouses depend on these walls for structural integrity, noise reduction, fire safety,
and boundary responsibilities. Connected water systems are also crucial for building
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performance and occupant comfort [147]. This work investigates the operational aspects
of district cooling systems in connected buildings [147]. These systems distribute chilled
water to multiple buildings which improves resource efficiency. Resource consumption,
temperature management, and system efficiency are examined as well as how building
operations impact cooling infrastructure performance.

CGST Formulation
CGST formulation is based on the results in [150, 151]. The heat transfer is given by

Q = k · A · ∆T

d
(3.1)

where Q is the heat transfer rate, k is the thermal conductivity of the wall material, A is
the surface area of the wall, ∆T is the temperature difference across the wall, and d is
the thickness of the wall. Equation heat transfer describes conductive heat transfer where
thermal energy moves through a solid material. The heat transfer rate is proportional to
the thermal conductivity of the material and the cross-sectional area through which the
heat moves. It also depends on the temperature difference across the material. However,
the rate is inversely proportional to the thickness of the material. This is important for
designing energy-efficient systems such as insulation in buildings.
The continuity is

d(ρA)

dt
= ṁin − ṁout (3.2)

Equation (3.2) indicates that the rate of change of mass (ρA) within the volume is equal
to the difference between the mass flow rate entering (ṁin) and leaving (ṁout) the system.
This is used to analyze fluid behavior in pipes, ducts, and other systems.
The resource consumption is given by

Minimize C =
n∑

i=1

Ci (3.3)

Equation (3.3) is the sum of the consumptions Ci across different components, systems,
or time periods. The goal is to optimize the conditions such as temperature settings and
flow rates to minimize consumption while maintaining comfortable temperature levels
and ensuring adequate flow rates. The building energy balance is

Energy In− Energy Out = Energy Storage (3.4)
where in Equation (3.4), Energy In is the total resource consumption and PV output.
This includes electricity (lighting, HVAC), gas, and water use. PV output is part of En-
ergy In as it reduces the need for external energy. Energy Out consists of heat loss, heat
gain, and total resource consumption output. Heat loss occurs through walls, windows,
and the building envelope, while heat gain is the reverse. Total resource consumption
output includes energy used by internal systems like HVAC, lighting, and appliances.
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Energy Storage refers to changes in energy storage within the building, both internally
and externally.
Renewable Energy Integration (REI) refers to the incorporation of RES into the building
energy system

REI = Renewable Energy Used
Total Energy Consumption × 100% (3.5)

where in this equation, Renewable Energy Used is the energy derived from renewable
sources like PV panels, and Total Energy Consumption is the resources consumed by the
building. This provides a quantitative measure of how much of the building resource
consumption is being met by RESs. A higher REI indicates a greater reliance on RES. This
is desirable to reduce the building carbon footprint and achieve sustainability goals.
The Smart Technology Utilization Index (STUI) is a metric used to quantify the effec-
tiveness and efficiency of smart technology implementation in a building and is given
by

STUI = Number of Smart DevicesTotal Devices × 100% (3.6)

where Number of Smart Devices is the number of smart devices used in the buildings
and Total Devices is the number of devices in the buildings.
Table 3.2 gives a detailed breakdown of the specifications for SGTs ranging from a
Base townhouse with 1 bedroom (1-Bd) to a large townhouse with 4 bedrooms (4-Bd). It
provides parameters such as bedroom sizes, living spaces, and total area. Table 3.2 sum-
marizes the key energy system parameters for SGTs. Water Heating Demand is the energy
required for daily hot water use (kWh/day) and varies with the number of bedrooms and
expected water consumption. HVAC System Capacity is the required HVAC capacity (kW)
to maintain indoor comfort and varies by townhouse size and layout. Solar PV Capacity
is the installed capacity (kW) of the PV panels. This data is used in OpenStudio 3.8.0 to
evaluate energy performance and optimize the design for energy-efficient GBs.
Accurate resource consumption modeling depends on the floor plan, building size, and
height as in Fig. 3.4 and Table 3.2. Floor plans show the building layout, including
bedrooms, kitchen, living room, bathrooms, and storage. Building size and height reflect
the volume and capacity of the building, which affect energy needs for heating, cooling,
and ventilation. Townhouse sizes are measured in square feet (sq ft).

3.1.3 Experimental Setup
This work employs data collection and software tools to create and test models. Data col-
lection involves building, resource consumption, and weather data. These were gathered
through sensors placed within the building. The OpenStudio software 3.8.0 was used
for energy simulation by creating virtual building models for resource consumption sce-
narios and efficiency solutions. Python v3.11.5 [152] was used for energy optimization,
with pandas v2.1.1 for data manipulation, NumPy [153] for numerical calculations, and
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Table 3.2: The SGT specifications.
Parameter Base 1-Bd 2-Bd 3-Bd 4-Bd
Bedrooms 1 1 2 3 4
Bathrooms 1 1 2 3 3

Kitchen Size (sq ft) 60 80 100 120 150
Dining Room Size (sq ft) 40 60 80 100 120
Living Room Size (sq ft) 160 120 150 200 250
Entrance Space Size (sq ft) 30 40 50 70 90

Deck Size (sq ft) 40 60 80 120 150
Bedroom 1 Size (sq ft) 100 120 120 120 120
Bedroom 2 Size (sq ft) N/A N/A 120 120 120

Master Bedroom Size (sq ft) N/A N/A 150 200 250
Second Master Bedroom Size (sq ft) N/A N/A N/A 150 200

Garage Size (sq ft) N/A None None 154.1 173.8
Height (ft) 8.0 16.5 16.5 16.5 16.5

Total Size (sq ft) 680.0 764.4 1080.0 1543.0 1735.9

Table 3.3: OpenStudio SGT specifications for hot water system, HVAC, and PV
panel capacity.

Townhouse Type Water Heating De-
mand (kWh/day)

HVAC Capacity (kW) PV Panel Capacity
(kW)

Base 18.5 4.2 1.8
1-Bd 22.4 5.3 2.6
2-Bd 27.3 7.0 3.2
3-Bd 33.4 8.2 3.8
4-Bd 39.6 9.1 4.5

Matplotlib [154] for visualization. The Ninja [155] website was used to analyze and com-
pare PV systems [156, 157]. The building model was created in OpenStudio 3.8.0, which
integrates with EnergyPlus. OpenStudio automatically converts the .osm file into an En-
ergyPlus input file (.idf) for execution. The CSGT results were generated using Python
and EnergyPlus. Python interfaces with EnergyPlus through the pyenergyplus library.
This facilitates simulation automation and the extraction of performance data.
Experiments were conducted to validate the models. Four different townhouse sizes
were analyzed to evaluate energy performance, efficiency, and sustainability. Energy
performance measures the balance between resources consumed and generated for heat-
ing, cooling, lighting, and appliances. Different townhouse sizes cater to various family
needs. The models were trained on historical data and validated against real-world ob-
servations. Cross-validation was employed to ensure robust solutions.
Real datasets from [128, 132, 140, 141, 142] are used for modeling. Scripts for con-
verting database tables into datasets were obtained from these references. The AMPds2
dataset is openly available via Harvard Dataverse in CSV, tab-delimited, and RData for-
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Figure 3.4: 1 to 4 bedroom SGT floor plans.

mats [128, 132, 133, 140].
The data collection system shown in Fig. 3.5 monitors resources such as electricity,
water, and gas. Data is collected from meters and sent to data acquisition units, which
transmit it to a central server. A WiFi access point and cloud connection allow for re-
mote access and integration of external data, enabling real-time monitoring to optimize
resource management [125, 129, 130, 140].
A Building Management System (BMS) is not necessary due to the moderate size of the
building network, the simplicity of energy optimization, and the ability to refine strate-
gies through monitoring and assessment. Industrial meters are used for their precision,
durability, and reliability. They easily integrate with data acquisition systems for real-
time analysis and are suitable for monitoring multiple resources in complex networks like
connected townhouses.
Assessing the efficiency, performance, and accuracy of PV panels is key to optimizing
RE generation in sustainable housing. Table 3.4 provides PV panel parameters for differ-
ent SGT sizes. A 1 kW system produces about 1200 kWh/year assuming 1200 hours of
effective sunlight and 15% cell efficiency. SGT production is calculated by multiplying
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Figure 3.5: Block diagram of the data collection system.
Table 3.4: PV panel parameters for different SGT sizes.

Parameter 1-Bd SGT 2-Bd SGT 3-Bd SGT 4-Bd SGT
Roof Area (m2) 71.0 100.3 143.2 161.2
Panel Capacity (W) 300 400 500 600
Total PV Capacity (kW) 2.56 3.21 3.84 4.48
Annual Energy Output (kWh/year) 3072 3840 4608 5376
Payback Period (years) 12.4 15.5 18.6 21.6
Energy Saved (kWh/year) 3072 3840 4608 5376
Active Solar Panel Area (m2) 17.9 23.3 28.7 33.5

capacity (in kW) by 1200 kWh/kW/year. Thus, the 1-Bd SGT (2.56 kW) produces 3072
kWh/year, the 2-Bd (3.21 kW) produces 3840 kWh/year, the 3-Bd (3.84 kW) produces
4608 kWh/year, and the 4-Bd (4.48 kW) produces 5376 kWh/year. The payback period
is calculated based on energy savings

Payback Period (years) = Total Installation Cost
Annual Energy Savings (3.7)

The total installation cost is
Total Installation Cost = Total Capacity (kW)× 3500CAD (3.8)

and the annual energy savings is
Annual Energy Savings = Average Annual Energy Production (kWh/year)×0.15CAD/kWh

(3.9)
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Then Payback Period for the 1-Bd SGT (2.56 kW) is 12.4 years, 2-Bd SGT (3.21 kW) is
15.5 years, 3-Bd SGT (3.84 kW) is 18.6 years, and 4-Bd SGT (4.48 kW) is 21.6 years.
These results provide insights into the financial investment and energy savings for SGTs
which help assess their economic viability.

SGT Performance Metrics
This section presents the key metrics for evaluating and improving the resource efficiency,
performance, emissions, and cost of SGTs. The Total Energy Use Intensity (TEUI) is

TEUI = Total Energy ConsumptionTotal Building Area (3.10)

where Total Energy Consumption is the sum of all energy in kWh and Total Building Area
is the floor area in sq ft. This gives an energy efficiency measure per unit area [158]. The
Total Energy Demand Intensity (TEDI) is

TEDI = Total Energy DemandTotal Building Area (3.11)

where Total Energy Demand is the peak demand in kW and Total Building Area is the
floor area in sq ft. A lower TEDI indicates better resource efficiency.
The Energy Consumption Based on Size of Home (SOH) is
Energy Consumption Based on SOH = k × Total Area× Energy Consumption Intensity

(3.12)
where k is a constant factor to normalize the relationship between the total area of the
home and energy consumption intensity. Energy Consumption Intensity is the average
rate of resource consumption per unit area. The Control Efficiency Index (CEI) is

CEI = Actual Energy Usage (AEU)
Optimal Energy Usage (OEU) × 100% (3.13)

where AEU is the actual resource consumption and OEU is the optimal energy usage under
ideal conditions. The CEI is used to identify inefficiencies in control strategies.
The Waste Recycling Rate (WRR) is

WRR =
Weight of Recycled Waste (WRW)

Total Weight of Waste × 100% (3.14)

where Weight of Recycled Waste (WRW) is the total recycled waste weight and Total
Weight of Waste is the total weight of the waste generated. A higher WRR indicates
better recycling performance. The Material Recycling Percentage (MRP) is

MRP = Weight of Recycled Materials (WRM)
Total Weight of Materials Used (TWMU) × 100% (3.15)

where WRM is the recycled material weight, and TWMU is the total material weight used.
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The Indoor Air Quality (IAQ) Index is

IAQ Index = IAQ Measurement
Maximum Acceptable IAQ Level × 100% (3.16)

where IAQ Measurement is the quantitative assessment of indoor air quality parameters
such as CO2, VOCs, CO, and O3 [159].
The Seasonal Energy Efficiency Ratio (SEER) is

SEER =
1× EER100% + 42× EER75% + 45× EER50% + 12× EER25%

100
(3.17)

where the EER values are the efficiencies for different cooling capacities. The Energy
Efficiency Ratio (EER) is

EER =
BTUcooling
W (3.18)

where BTU denotes British thermal unit which is a unit of energy used to measure heat,
and W is the power consumption of the system in watts. The Heating Seasonal Perfor-
mance Factor (HSPF) is

HSPF = BTUheatingW (3.19)
The Coefficient of Performance (COP) is

COP = Quseful heatWinput work (3.20)

where Q is the useful heat output and W is the work input required.
The Water Efficiency is

Water Efficiency = Water Saved
Total Water Used × 100% (3.21)

where Water Saved is the amount of water saved by efficiency measures and Total Water
Used is the total amount of water consumed.
The Electrical Consumption Efficiency (ECE) is

ECE = Total Useful Electrical OutputTotal Electrical Input × 100% (3.22)

where Useful Electrical Output is the total electrical energy used by the system and Elec-
trical Input includes energy losses. The Gas Consumption Efficiency (GCE) is

GCE = Total Useful Heat Output From GasTotal Gas Input × 100% (3.23)

where Heat Output is the useful heat energy from gas and Gas Input is the total gas
consumed.
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The R-value is a measure of the thermal resistance of a material, indicating how well it
resists the flow of heat. It is used to indicate the insulation properties of a material, with
higher values indicating better insulation [160]. The R-value of insulation material (in
ft²·°F·hr/BTU) is

R =
d

k
(3.24)

where d is the thickness of the insulation material (in inches), and k is the thermal con-
ductivity of the material (in BTU·in/(ft²·°F·hr)). This value is used to represent the thermal
resistance of building components such as walls, windows, roofs, and floors which con-
tribute to the overall thermal efficiency of the building envelope and thus impact energy
performance. OpenStudio allows R-values to be input for components to analyze ther-
mal performance. Key R-values include exterior walls (R-30), windows (R-5, triple-pane
with low-emissivity coatings), roof/Ceiling (R-50), and floor/slab (R-20, to reduce heat
loss through the foundation). OpenStudio provides detailed thermal metrics based on the
specified materials and their properties.
The carbon footprint of building operations as Greenhouse Gas Intensity Index (GHGI),
expressed in kgCO2, is

GHGI = Total Greenhouse Gas Emissions (GHGI)Building Floor Area (3.25)

It includes CO2, CH4, and N2O emissions converted into CO2 equivalents. The floor area
of the building is in sq ft. Regulatory compliance with code standards including TEUI,
TEDI, and GHGI thresholds is critical. Meeting or exceeding these benchmarks shows
environmental leadership. Buildings with favorable TEUI, TEDI, and GHGI ratings attract
more investment, improving long-term viability and economic value. Incorporating these
into building design and management improves resource use and reduces environmental
impact. It also enhances building resilience [161].
A cost analysis helps evaluate resource consumption savings, ROI, and overall cost-
benefit. This is vital for assessing the economic feasibility of efficiency measures and
sustainability goals [162]. The cost of energy is

Cost of Energy = Total Energy Consumption× Unit Cost (3.26)
where Total Energy Consumption is the total resources consumed by the buildings and
Unit Cost is the cost of energy in kWh. Cost savings is the financial savings achieved by
comparing costs before and after efficiency measures are implemented

Cost Savings = Cost Before− Cost After (3.27)
where Cost Before is the cost incurred before implementing resource efficiency initiatives
and Cost After is the cost after their implementation. The Return on Investment (ROI)
assesses the financial return on the investment made and is given by

Return on Investment (ROI) = Net Savings
Initial Investment × 100% (3.28)
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Table 3.5: Outcomes Related to Water Systems and Party Wall Construction in
Connected SGTs.

Parameter 1-Bd
SGT

2-Bd
SGT

3-Bd
SGT

4-Bd
SGT

Daily Hot Water Usage (Gal/Day) 58.9 84.3 108.7 128.6
Energy Savings from Shared Walls (%) 8.2 11.9 14.7 18.1
PV Panel Output (KWh/Day) 6.8 8.5 10.2 11.9
HVAC System Usage (Tons/Day) 1.32 1.85 2.39 2.74

where Net Savings is the total savings achieved from resource efficiency measures and
Initial Investment is the cost of implementing these measures. The Net Benefit is the
overall financial benefit and is given by

Net Benefit = Total Savings− Total Costs (3.29)
where Total Savings is the cumulative savings achieved from resource efficiency initia-
tives and Total Costs is the total cost of implementing and maintaining these measures.

Table 3.5 presents the outcomes for water systems and party wall connections in SGTs.
These results are for grid-connected mode and include daily hot water usage, energy
savings, PV panel output, and HVAC system usage. This shows that the daily hot water
usage increases with the number of bedrooms, from 58.9 gallons for the 1-Bd SGT to
128.6 gallons for the 4-Bd SGT. The energy savings from shared walls improves with
townhouse size, from 8.2% in the 1-Bd unit to 18.1% in the 4-Bd unit. The PV panel
output increases with unit size from 6.8 kWh for the 1-Bd unit to 11.9 kWh for the 4-Bd
unit. HVAC system usage slightly decreases with shared walls, from 1.32 tons for the
1-Bd unit to 2.74 tons for the 4-Bd unit. One ton is 12000 BTU/hour of cooling capacity.
As the number of bedrooms increases, resource usage and energy output also increase.
Shared walls, however, yield significant energy savings. Comparing Tables 3.5 and 3.3
indicates the improvements in efficiency and resource use with shared infrastructure in
CSGTs. These units benefit from better energy management, reduced costs, and greater
sustainability. The results in Tables 3.3 and 3.5 show that CSGTs perform better in several
key areas. Shared walls reduce total resource consumption. PV panel output indicates
effective solar resource use and HVAC usage is lower than the capacity in Table 3.3,
reflecting better energy management. Daily hot water use is also optimized in connected
SGTs. Thus, CSGTs provide clear improvements in resource efficiency, solar utilization,
and HVAC usage.

3.2 Methodology
A goal of this work is to investigate the relationships among parameters impacting smart
and green technologies [17, 19]. A hybrid model combining CNN and LSTM networks
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is considered to optimize SGTs. It was shown in [163] that hybrid models can outper-
form other approaches. CNNs can effectively identify spatial features and detect patterns
in environmental and energy data. LSTM networks capture temporal dependencies, en-
abling accurate prediction of resource consumption. A hybrid CNN-LSTM-AE model was
developed in [164] for energy prediction. The CNN extracts features that are input to
the LSTM encoder and then the LSTM decoder generates the final prediction. This model
has lower Mean Square Error (MSE), Mean Absolute Error (MAE), Root Mean Square Er-
ror (RMSE), and Mean Absolute Percentage Error (MAPE) compared to other models for
data from UCI residential and Korean commercial buildings. Thus, it is more effective
in energy optimization. In [165], a CNN-LSTM model was used for indoor temperature
modeling of HVAC systems. Traditional methods lack long-term accuracy due to data
noise and nonlinearity. The CNN-LSTM model combines the feature extraction of convo-
lutional layers with the sequential learning of LSTM. This hybrid model is more accurate
than MLP or LSTM and thus addresses the limitations of traditional ML approaches.
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Figure 3.6: Flowchart of the proposed SGT algorithm.

3.2.1 The Proposed SGT Algorithm
This section outlines the proposed ML algorithm. The goal is to optimize resource effi-
ciency, reduce the environmental impact, and improve building performance. A hybrid
model combining CNN and LSTM networks is employed [152, 153, 165]. This model can
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capture both spatial and temporal dependencies in SGT data. Fig. 3.6 presents a flowchart
of the proposed model including data analysis, SB control, RE integration, occupant be-
havior modeling, and continuous monitoring. The flowchart steps are as follows.
• Start Process initiation.
• Data Input Weather, gas, electricity, and water data.
• Preprocessing Data cleaning, transformation, and normalization.
• Data Analysis and Integration Insights and patterns are obtained.
• Condition 1 This decision point checks analyzed data. If the outcome is yes, pro-
ceed to energy optimization, otherwise go to Output: Results.
• Energy Optimization Implement the energy optimization.
• Condition 2 This decision point evaluates the optimization results. If the outcome
is yes, proceed to RE Integration, otherwise go to Occupant Behavior Modeling.
• RE Integration (REI) Add RES into the energy optimization.
• Occupant Behavior Modeling Model occupant influence on energy.
• ContinuousMonitoring and AdaptationMonitor the parameters and adjust strate-
gies based on occupant behavior and energy use.
• Occupant Behavior Modeling Incorporate routines, seasonality, and usage trends.
Daily routines are more active in the morning (6-8 AM) and evening (6-10 PM).
Seasonal variations include winter heating and summer cooling. Working hours
are lower on weekends and more predictable on weekdays. There are more special
events during holidays and fewer during vacations. Working from home increases
daytime activity and resource use. Temperature, lighting, and smart appliance use
vary by occupant. These factors influence energy use patterns and thus SGT effi-
ciency.
• Output: Results provides optimized energy usage, cost savings, and recommenda-
tions.
• End Process conclusion.

3.2.2 Optimization
The proposed deep hybrid LSTM-CNN model addresses two key optimization goals.
1. Energy Optimization This minimizes prediction errors (e.g., MAE and RMSE), to
reduce energy use and improve system efficiency.

2. ML Model Optimization The LSTM-CNN model is refined to provide better pre-
diction accuracy. Iterative training is employed to adjust the weights and biases
to improve energy forecasting. This dual focus provides optimized energy manage-
ment and model performance.
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The objectives are as follows.
1. Cost Reduction

• Energy Optimization for efficient scheduling and operation of energy systems
to lower costs (e.g., electricity, fuel, maintenance).
• ML model optimization for accurate predictions to support cost-effective en-
ergy decisions.

2. Emission Reduction
• Energy Optimization for forecasts to help decrease reliance on non-RESs, cut-
ting carbon emissions.
• ML model optimization for predictions for optimal RES integration to reduce
emissions.

3. Performance Improvement
• Energy optimization to ensure reliable energy supply to efficiently meet de-
mands.
• ML model optimization to improve prediction accuracy which aids effective
system management.

4. Efficiency Improvement
• Energy optimization to reduce waste and improve energy system resource uti-
lization.
• ML model optimization to increase computational efficiency for faster more
accurate predictions.

The objective function is
αC + βE − γP − δη (3.30)

where C is cost (minimize), E is emissions (minimize), P is performance (maximize),
and η is efficiency (maximize). The factors α, β, γ, δ are set based on the importance of
each component. Historical data is used to compare and prioritize these objectives. The
coefficients used for the objective function are as follows.
• α = 0.3 indicates moderate emphasis on minimizing cost as reducing expenses is
important but must be balanced with other factors.
• β = 0.2 indicates lower weight on emission reductions as they are considered to
have lower priority than cost.
• γ = 0.4 indicates the highest weight is on performance improvement which reflects
a focus on maximizing system performance.
• δ = 0.1 indicates the lowest weight so efficiency is not a critical factor.

42



The optimization problem has the following constraints
0 ≤ TEUI ≤ TEUImax (3.31)
0 ≤ TEDI ≤ TEDImax (3.32)
0 ≤ REI ≤ 100% (3.33)
0 ≤ STUI ≤ 100% (3.34)

Energy In+ Grid Import− Energy Out− Grid Export = Energy Storage (3.35)
Energy Storagemin ≤ Energy Storage ≤ Energy Storagemax (3.36)

Energy In includes local generation and grid imports, while Energy Out includes both
consumed energy and exports to the grid. Energy Storage is the energy held within the
system. These constraints ensure solutions adhere to practical limits and regulations. Ac-
cording to International Electrotechnical Commission (IEC) 62933 standard for electrical
energy storage systems, Energy Storage must be between 10% and 90% of the total ca-
pacity [166]. These constraints ensure compliance with building codes and sustainability
standards which is crucial for practical deployment. They also support system stability
and performance to balance energy use, cost, and environmental impact.
The following limitations must be considered to ensure suitable solutions.
• Predefined Minimum or Maximum Values Some variables have strict minimum
or maximum limits. For example, thermostat settings may range from 18°C to 25°C,
and battery storage capacity is limited to 10%–90% to extend battery life.
• Computational Limits Computational resources and time constraints may restrict
the complexity and scalability of the optimization approach.
• Real-world Constraints Budgetary and regulatory requirements can affect the op-
timization.

An ML algorithm is employed to predict and optimize resource use to improve sustainabil-
ity in SGTs and CSGTs. Artificial Neural Networks (ANNs) are powerful tools for SB mod-
eling and energy optimization [92]. They are effective in load forecasting, optimization,
occupancy prediction, anomaly detection, and energy optimization [68, 167, 168, 169].
A rule-based approach to predict unusual load conditions, such as on public holidays,
was introduced in [167]. These conditions are challenging due to their infrequency and
unique patterns. The approach used combines expert insights with statistical models
such as Holt-Winters-Taylor exponential smoothing and Auto-Regressive Moving Average
(ARMA) to predict both regular and unusual load patterns. Evaluation of this approach
using nine years of half-hourly load data for Great Britain showed accurate forecasts up
to a day ahead.
The Short-Term Load Forecasting (STLF) model is

Ŷt = f(Xt, Xt−1, . . . , Xt−n) (3.37)
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where Ŷt is the forecast load at time t, Xt, Xt−1, . . . , Xt−n is the historical load data and
relevant features up to time t, and f is the prediction function learned by the NN. STLF
feature selection using Random Forest (RF) was presented in [168]. This method was
used with 243 features from historical data and time information. Then an enhanced
sequential backward search based on permutation importance was used to identify an
optimal subset of features. This subset is used to train an RF model. This approach
achieved higher accuracy than methods such as support vector regression and ANN.
The predicted occupancy at time t is

Ôt = g(Tt, Dt,Wt, Ot−1, . . . , Ot−n) (3.38)
where Tt, Dt, and Wt are the corresponding time, day, and weather features,
Ot−1, . . . , Ot−n are the past occupancy data, and g is the prediction function learned by
the NN. The hybrid energy prediction method for SG in [68] uses STLF and k-medoid
clustering to group transformers by energy profiles to speed up training. The deep NN
model has six layers and uses Adam optimization. This approach improves scalability and
reduces training time by 44% with no loss in accuracy.
Anomaly detection finds deviations from normal behavior based on historical data. The
anomaly score at time t is

At = h(Xt, Xt−1, . . . , Xt−n) (3.39)
where h() is the NN function. ANNs have been shown to provide excellent energy opti-
mization results. In [46], an ANN-based predictor was developed to forecast daily HVAC
power use. This LSTM-based approach has low error and high correlation with test data
which indicates effective real-time prediction. The accuracy is better than with simple
one-hour ahead models.
HVAC optimization involves minimizing energy use under comfort constraints

min
u

∑
t

Ct(ut) (3.40)

where u is HVAC control input such as temperature and Ct(ut) is the energy cost at time t.
Comfort constraints ensure thermal comfort within buildings. These constraints influence
HVAC optimization by penalizing deviations from desired temperature or humidity set-
points.
The system dynamics describe HVAC system behavior over time in response to inputs
and disturbances, often modeled using physics-based equations or simulation. ML models
like LSTM capture these dynamics through time-series forecasting from historical data.
Operational limits define boundaries to ensure efficient and safe system performance. ML
models enforce these limits with constraints or penalty terms, ensuring control inputs do
not exceed predefined operational ranges. It has been shown that ANNs provide excel-
lent accuracy, efficiency, and performance for building energy optimization, and handle
nonlinearities and dynamic environments better than traditional methods.
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Figure 3.7: The proposed deep ML model architecture.

The Proposed Model
This section describes the architecture of the proposed hybrid ML model which is illus-
trated in Fig. 3.7. The model captures both temporal dependencies and spatial patterns
in data through the integration of LSTM. The architecture is described below.
1. Input Matrix (Dataset) The input data is loaded in matrix format.
2. LSTM Layers with Attention Mechanisms [170] The LSTM1, LSTM2, and LSTM3
layers use attention mechanisms to focus on relevant parts of the input. This helps
capture long-term dependencies and improve predictive accuracy.

3. CNN Layers with Skip Connections The CNN1, CNN2, and CNN3 layers have skip
connections that allow information to flow directly between the LSTM and CNN
layers. This enables simultaneous capture of spatial and temporal features.

4. Attention Mechanism The attention mechanism combines the LSTM and CNN out-
puts by weighting them based on relevance. This improves the ability of the model
to capture both sequential and spatial aspects of the data.

5. Concatenation (Feature Fusion and Fully Connected) The LSTM, CNN, and at-
tention features are concatenated and processed through a fully connected layer.
This generates predictions based on fused features.

6. Output The output layer generates predictions based on the processed features to
obtain resource consumption patterns in SBs.

The proposed model combines LSTM layers with attention mechanisms and CNN lay-
ers with skip connections to capture long-term dependencies (for LSTM) and hierarchical
spatial features (for CNN). This hybrid architecture is specifically designed for energy op-
timization in SGTs to achieve resource efficiency, cost savings, and emission reductions.
The attention mechanisms and skip connections create more informative features to learn
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Figure 3.8: The peephole LSTM unit.

rich, hierarchical representations that improve model generalization ability. The atten-
tion mechanisms also allow the model to adapt to varying input conditions. It handles
different sequence lengths and complexities which makes the model more robust and
versatile. Skip connections help prevent the vanishing gradient problem and speed up
training.
Fig. 3.8 illustrates the Peephole LSTM unit. It is a type of RNN used in sequence mod-
eling tasks. The input node (blue circle) is the input to the LSTM unit at time step t. The
forget, input, and output gates (green circles) control information flow. Each gate uses
a sigmoid function to output values between 0 and 1. The forget gate (ft) decides what
to discard, the input gate (it) determines what to store, and the output gate (ot) controls
information flow to the output. The hidden state (red circle), denoted ht, is the output of
the LSTM at time step t. The cell state (purple circle), denoted ct, is the internal memory
of the LSTM and is updated based on the gate outputs. The previous cell state ct−1 is used
to calculate the new cell state.
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Figure 3.9: The data processing flowchart.
A flowchart of the data processing is given in Fig. 3.9. This ensures data cleanliness and
relevance for accurate energy optimization predictions. The steps are described below.
• Input Matrix (Dataset) The dataset is loaded. It contains features and target vari-
ables for energy optimization. The features include the following.

– Timestamp day, month.
– Weather data Temperature, humidity, wind speed, solar radiation.
– Building characteristics Size, rooms, window size.
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– Energy consumption history Usage at various intervals.
– Occupancy Number of occupants.
– External factors Energy prices, grid signals.
– Categorical data Appliance types, holidays, peak hours.

The target variables include resource consumption at different time intervals. Data
sources include IoT sensors, external weather services, and historical energy usage
databases.
• MinMax Normalization The input data is scaled to the range [0, 1] to ensure equal
contribution from all features.
• Load Dataset The dataset is loaded for processing.
• Exploratory Data Analysis (EDA) Statistical analysis, pattern identification, and
data visualization to understand the structure and issues like missing values or out-
liers.
• Data Preprocessing Cleaning the data, handling missing values, encoding cate-
gories, and scaling features for model training.
• Split into Train, Test, and Validation The data is divided into subsets for model
training, evaluation, and hyperparameter tuning.
• Cross-Validation Partition the dataset into K folds (e.g., 5-fold) for cross-validation.
In each iteration, one fold is reserved for validation, while the remaining folds are
used for training. Then each fold trains and validates the LSTM-CNN model on
a unique split, ensuring robust evaluation by exposing the model to varied data
subsets. The results are averaged across all K folds to reduce overfitting and improve
generalization.
• Introduce Correlated Features Add correlated features to improve model perfor-
mance.
• Handle Non-Cyclic Features Separate processing is used for non-cyclic features
such as month, day, and hour.
• Holidays and Peak Hours Holidays and peak hours (6-9 AM and 4-9 PM), are
added as features for better prediction accuracy.
• Handle Missing Data Missing data points are imputed or removed to avoid bias in
predictions.
• Find Outliers Outliers are identified and handled to prevent skewed predictions.
The data is normalized using Min-Max normalization [171]

Ltnorm =
Lt − Lmin
Lmax − Lmin

(3.41)
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where Lt is the tth original value and Lmax and Lmin are the maximum and minimum
values, respectively.
The feature vector is

X = [L,H,D,M,Ho,Wp, Sp, SUp,Apg] (3.42)

where L is the past load values, H is the hour of the day (time-based variations), D
is the day of the week (daily usage patterns), M is the month (seasonal variations), Ho
is the holiday indicator (binary/categorical), Wp is the weather data (e.g., temperature,
humidity), Sp is the spatial features (e.g., building size, occupants), SUp is the start-
up patterns (e.g., peak times), and Apg is the appliance usage data (aggregated power
consumption). These 9 features contain both temporal and spatial patterns in load data
and serve as inputs to the ML model.

3.3 Results and Discussion
This section presents the model performance including prediction accuracy, efficiency,
cost savings, emission reductions, and overall system effectiveness. Base, SGT, and CSGT
results are compared. All townhouses are assumed to be connected to the Burnaby elec-
tricity grid managed by BC Hydro, operating at 120/240V single-phase for residential
connections.

3.3.1 Resource Optimization
The resource optimization was evaluated for SGTs connected to the Burnaby grid. The
availability of RES affects the energy mix and carbon footprint. The weather parameters
from 2012-2014 include heating and cooling thresholds at 14°C and 20°C, respectively.
The heating power required is 0.3 kW/°C and the cooling power is 0.15 kW/°C. The
smoothing rate is 0.5 days-1, solar gain is 0.012°C in W/m2, and wind chill is -0.2°C in
W/m2. Parameters such as TEUI, TEDI, and GHGI reflect how climate affects resource
consumption and emissions. The average annual temperature is 11.5°C, with summer
highs of 23.5°C and winter lows of 1.5°C.
Equations (3.1)– (3.42) were implemented using Python v3.11.5 and EnergyPlus with
the pyenergyplus library to obtain the parameters given in Table 3.6. The building model
was created in OpenStudio 3.8.0, which integrates with EnergyPlus. The cost of energy is
in Canadian Dollars (CAD). The base home design was adapted to 1, 2, 3, and 4 bedroom
SGTs while maintaining the same location and energy supplies. The key observations
from this table are as follows.
1. Improved party wall insulation increased heat transfer efficiency by 5%.
2. Reduced air leakage improved fluid dynamics by 3%.
3. Better temperature regulation reduced resource consumption by 9%.
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4. Energy balance improved by 3% with thermal regulation.
5. Control integration provided a 1% improvement.
6. TEUI and TEDI decreased by 5% due to shared systems.
7. HVAC performance improved by 2% with shared systems.
8. Water efficiency increased by 2%, with connected systems improving it by 5% and
optimized management adding 3%.

Considering resource efficiency, CSGTs have 6-10% lower resource consumption per
square foot, with better HVAC efficiency (3-5%). The environmental impact is improved
as CSGTs reduce GHGI by 5-8% and provide a 10-12% improvement in REI, indicating
superior use of RESs. CSGTs show a 3-5% improvement in ROI due to better RE integra-
tion and resource efficiency, making them more cost-effective. CSGTs outperform SGTs
in energy balance and water efficiency, with improvements of 3-6%. This reinforces that
connected systems optimize resource use and improve overall performance. The results in
Table 3.6 confirm that CSGTs provide superior resource efficiency, environmental impact,
and cost-effectiveness, supporting their preference for sustainable urban development.
Fig. 3.10 compares monthly electricity consumption between a two-story townhouse
dataset from [128] (blue) and a new one-story Baseline townhouse (red) over 2012-2014.
The bars show electricity consumption for each month, illustrating the differences be-
tween the two designs. Fig. 3.11 presents the monthly electricity consumption (2012-14)
for 1-4 Bd SGTs and CSGTs in grid-connected mode. This shows that CSGTs (light blue),
consume less electricity than SGTs (dark blue) in most months. The connected features
in CSGTs reduce consumption, especially in December 2012 and January-February 2013.
This is because energy-saving features such as improved HVAC and lighting controls are
more effective during colder months. The townhouse in [128] consumes 120 GJ of gas
annually, while the one-story SGT uses only 80 GJ. This represents a 33% reduction, or
40 GJ, in gas consumption. The reduction is mainly due to the energy-efficient features
of the SGT. Shared energy optimization strategies further reduce gas usage for heating
and other purposes throughout the year.
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Figure 3.10: Monthly electricity consumption (2012-14) for a new one-story
townhouse (pink) and the base townhouse from [128] (blue).

Figure 3.11: Monthly electricity consumption (2012-14) for 1-4 Bd SGTs and
CSGTs in grid-connected mode.
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Figure 3.12: Monthly gas consumption (2012-14) for 1 to 4 Bd SGTs and CSGTs
in grid-connected mode.

Fig. 3.12 gives the gas consumption of SGTs and CSGTs in grid-connected mode. The
1-Bd CSGT uses 13-15% less gas annually than the 1-Bd SGT. The 2-Bd CSGT consumes
16-17% less gas than the 2-Bd SGT. For the 3-Bd CSGT, gas consumption is 20-21% lower
than the 3-Bd SGT. The 4-Bd CSGT shows an 18-19% reduction compared to the 4-Bd
SGT. These results highlight the superior energy efficiency of CSGTs and their potential
for sustainable residential energy use.
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Figure 3.13: Monthly total water consumption for 1 to 4 Bd SGTs and CSGTs in
grid-connected mode for January-December 2013.

Fig. 3.13 presents the total water consumption of 1-4 Bd SGTs and CSGTs in grid-
connected mode for January-December 2013. This shows that CSGTs outperform SGTs in
reducing water consumption for all unit sizes. In January 2013, the 1-Bd CSGT used 4,500
liters which is 30% less than the 6,500 liters for the 1-Bd SGT. The shared infrastructure
and smart water management systems contribute to these savings. For 2-Bd units, the
CSGT consumed 4,509 liters which is 18% less than the 5,500 liters for SGTs. For 3- and
4-Bd units, CSGTs show reductions ranging from 10% to 23%.
Burnaby has a temperate oceanic climate with mild, wet winters and warm, dry sum-
mers. These conditions affect thermal comfort in SGTs. Indoor temperatures are usually
kept above 18°C. Winter temperatures between 18°C and 20°C feel cool but comfortable,
while the range of 20°C to 23°C is ideal for most of the year. In warmer months, indoor
temperatures may reach 23°C to 25°C, which many find comfortable. However, on hot
summer days, temperatures above 25°C can occur. Thus, effective cooling is essential to
maintain indoor comfort.

3.3.2 The Proposed ML Model Results
The proposed model was evaluated and compared with several well-known models in-
cluding LR, LSTM, CNN, RF, Gradient Boosting (GB), and hybrid LSTM-CNN. LR serves
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as a simple performance baseline, LSTM is good at handling sequential data, CNN is
good at recognizing spatial patterns, RF is good at managing non-linear relationships and
noisy data, GB improves accuracy through ensemble learning, and hybrid LSTM-CNN is
good at capturing both temporal and spatial dependencies. These diverse approaches
are considered to evaluate the effectiveness of the proposed model in optimizing energy
performance [149].

Figure 3.14: Actual versus predicted monthly electricity consumption with seven
ML models for a 1-Bd CSGT in grid-connected mode for 2012-14.
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Figure 3.15: Actual versus predicted monthly electricity consumption with seven
ML models for a 2-Bd CSGT in grid-connected mode (2012-14).

Figure 3.16: Actual versus predicted monthly electricity consumption with seven
ML models for a 3-Bd CSGT in grid-connected model (2012-14).
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Figure 3.17: Actual versus predicted monthly electricity consumption with seven
ML models for a 4-Bd CSGT in grid-connected mode (2012-14).

The monthly electricity consumption for 1-4 Bd CSGTs is shown in Figs. 3.14 to 3.17,
respectively. This shows there are peaks in winter due to higher heating demands. As
the number of bedrooms increases, so does electricity usage, with 4-Bd units having the
highest consumption. These results show that the proposed ML model outperforms the
others with minimal deviation from the actual values. Thus, it adapts well to consumption
patterns and provides precise estimates, even during low usage. The RMSE and R2 for
the proposed model indicate consistent predictions and superior performance compared
to the other models.
Table 3.7 presents the yearly performance for 1-4 Bd SGTs and CSGTs. These results
highlight the benefits of CSGTs over SGTs as there are improvements in resource effi-
ciency, sustainability, and cost-effectiveness. CSGTs have better energy efficiency with
heat loss of 5-8% compared to 7-10% for SGTs, indicating superior insulation and energy
management. CSGTs maintain a tighter temperature range of ±1.5°C to ±3°C compared
to ±3.5°C to ±5°C for SGTs, reflecting better HVAC control and indoor comfort. SGTs
have lower carbon emissions, from 0.18 kgCO2/kWh to 0.22 kgCO2/kWh, while CSGTs
range from 0.22 kgCO2/kWh to 0.26 kgCO2/kWh, indicating better use of RESs. SGTs
have lower HVAC operating costs, from 30 CAD/unit to 45 CAD/unit, compared to 40
CAD/unit to 55 CAD/unit for CSGTs, showing more efficient systems. Overall, CSGTs out-
perform SGTs in comfort, sustainability, and cost savings, making them a better choice
for long-term savings and lower environmental impact.
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Table 3.7: Yearly performance for 1- to 4-bedroom SGTs and CSGTs.

Benefit 1-Bd 2-Bd 3-Bd 4-Bd

Heat Loss (%)
CSGT 8.2 7.1 6.4 5.2
SGT 10.3 9.1 8.6 7.3

Temperature Variance
(Comfort, °C)
CSGT ±3.0 ±2.6 ±2.0 ±1.4
SGT ±5.0 ±4.7 ±4.0 ±3.3

Carbon Emissions
(kgCO2/kWh)
CSGT 0.22 0.21 0.21 0.18
SGT 0.26 0.24 0.23 0.22

HVAC Costs (CAD/unit)
CSGT 45 41 36 32
SGT 53 49 46 42

Tables 3.8 and 3.9 present the MAPE, RMSE, MAE, and R2 for connected and discon-
nected SGTs with 1 to 4 bedrooms, with and without the proposed ML model. In Table
3.8, the MAPE is 3.51% (1-Bd) to 5.05% (4-Bd), RMSE is 2.79 kWh to 4.16 kWh, and MAE
is 2.27 kWh to 3.62 kWh. The R2 values range from 0.74 to 0.88, indicating good pre-
diction. Table 3.9 shows the performance is improved with the proposed ML model. The
MAPE decreases to 2.63% to 4.43%, RMSE drops to 1.93 kWh to 3.47 kWh, MAE decreases
to 1.44 kWh to 3.06 kWh, and R2 improves to 0.80 to 0.92. These results demonstrate
that employing an ML model can significantly improve prediction performance and high-
light the reliability and robustness of the proposed model in energy prediction for both
SGTs and CSGTs. Tables 3.8 and 3.9 also give the corresponding acceptable ranges. The
terms ”Very Good” and ”Acceptable” represent performance thresholds for performance
metrics. For 1-Bd CSGTs (Fig. 3.14), the range is 200 kWh, with a mean around 600-650
kWh. The 2-Bd (Fig. 3.15) and 3-Bd (Fig. 3.16) units have similar ranges with means
of about 700 kWh. The 4-Bd CSGT (Fig. 3.17) has a range of 300 kWh and a mean of
950 kWh. These values are within an acceptable range, confirming the reliability of the
model.
Table 3.10 presents the parameters and performance of the 7 ML models, including
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number of layers, neurons, training iterations per epoch, training time per epoch, error,
and accuracy. These results show that the proposed model provides the best performance
with 95% accuracy and a low MAE of 0.015, but it has the highest computational cost due
to its complex architecture. The hybrid LSTM-CNN model has a good tradeoff between
accuracy (90%) and efficiency, while GB (86%) and RF (85%) performwell with moderate
training times and acceptable error rates. The LSTM and CNN models have comparable
accuracy (82-83%) and error rates. LR has the lowest accuracy (78%) and highest MAE
(0.05), which is expected since it is a simple baseline.

Figure 3.18: Hourly one day ahead prediction MAPE and MAE for January 3,
2013.

The MAPE and MAE for day-ahead predictions for CSGTs vary depending on weather,
occupancy, and resource consumption behavior. Fig. 3.18 gives the hourly variations
in MAPE and MAE for day ahead predictions for January 3, 2013. This shows that the
error fluctuations are between 1.2% and 1.6%, indicating consistent model performance
throughout the day. Low MAPE and MAE suggest good accuracy, with minimal fluctua-
tions confirming that the model can handle varying conditions and provide robust energy
usage prediction.
The MAPE and MAE for day-ahead predictions for CSGTs vary depending on weather,
occupancy, and resource consumption behavior. Fig. 3.18 gives the hourly variations
in MAPE and MAE for day ahead predictions for January 3, 2013. This shows that the
error fluctuations are between 1.2% and 1.6%, indicating consistent model performance
throughout the day. Low MAPE and MAE suggest good accuracy, with minimal fluctua-
tions confirming that the model can handle varying conditions and provide robust energy
usage prediction.
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The normality and homoscedasticity residuals [172, 173] are used to validate model
performance. From January 3 to 10, 2013, the residuals (actual values - predicted val-
ues) ranged between 1 and -2 kWh, indicating good prediction accuracy. The normality
(Shapiro-Wilk test) residual is p = 0.081 and a value is normal if p > 0.05. Thus, the
normality is verified. The homoscedasticity (Breusch-Pagan test) residual is p = 0.065
and p > 0.05 indicates consistent variance. The lack of heteroscedasticity suggests that
model predictions will be stable across a variety of data, indicating reliability and ro-
bustness. The normality and homoscedasticity confirm that the proposed model provides
excellent energy prediction for grid-connected CSGTs. Note that practical challenges, in-
cluding system integration, user acceptance, data privacy, and maintenance, should be
considered for successful model deployment in real-world settings.

3.4 Conclusion
This chapter presented a model for Connected Smart Green Townhouses (CSGTs) designed
to optimize resource use. The integration of PV solar panels and efficient HVAC systems
was shown to reduce resource consumption, promoting sustainable living. The results in-
dicate improvements in cost efficiency, performance, and accuracy for CSGTs in Burnaby,
BC. The proposed hybrid deep MLmodel outperformed the other models, including Gradi-
ent Boosting (GB), Random Forest (RF), Long Short Term Memory (LSTM), Convolutional
Neural Network (CNN), hybrid LSTM-CNN, and Linear Regression (LR).
The proposed model had lower Mean Absolute Percentage Error (MAPE), Root Mean
Square Error (RMSE), and Mean Absolute Error (MAE), and higher R2, confirming its
prediction precision. The accuracy ranged from 1.2% to 1.6%, with predictions closely
aligning with actual values. Historical data, combined with model predictions, showed
improvements in energy performance, cost savings, and emissions reduction. This in-
dicates that the proposed model is effective for energy optimization in CSGTs. Future
work will explore energy management policies and integrate more advanced models for
improved system response and optimization.
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Chapter 4

Load Optimization for Connected
Modern Buildings Using Deep Hybrid
Machine Learning in Island Mode

As urban areas grow, the demand for sustainable living solutions increases. Integrating
Renewable Energy Sources (RESs) such as Photovoltaic (PV) systems and Electric Ve-
hicles (EVs) into smart green buildings (SGBs) can reduce emissions and improve load
efficiency. However, optimizing energy usage in this dynamic environment remains a
challenge [1]. In 2019, buildings accounted for 32% of primary energy use in the US,
with global consumption projected to rise by 1.3% annually until 2050 [1]. Space heating,
cooling, and lighting consume almost half of this energy [174], making load prediction
and optimization in SGBs essential for reducing energy waste, costs, and environmental
impact [175, 176].
Machine Learning (ML) techniques have been considered to predict and optimize build-
ing energy consumption [177]. Hybrid models combining Long Short-Term Memory
(LSTM) and Convolutional Neural Networks (CNN) have been shown to improve pre-
diction accuracy by capturing both temporal and spatial dependencies in energy data
[178, 179]. These models reduce energy costs and emissions which contribute to building
resilience. Hybrid ML models such as Random Forest-Extreme Gradient Boosting-Linear
Regression (RF-XGBoost-LR) have been shown to improve real-time prediction accuracy
in Smart Buildings (SBs) and Smart Grids (SGs) [180, 181, 182]. The integration of dis-
tributed energy resources has been considered to optimize local energy generation and
consumption to improve cost-effectiveness and flexibility [183].
To date, there has been limited research on island mode (off-grid) operation in resi-
dential buildings [184, 185, 186]. The gap is addressed by evaluating ML models for
Connected Smart Green Townhouses (CSGTs) in Burnaby, BC, Canada, with a focus on
island mode operation. Performance indicators such as energy efficiency, cost, emissions,
and prediction accuracy are employed to support sustainable building operations [187]. A
hybrid LSTM-CNN model is introduced to predict load consumption and optimize param-
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eters such as Heating, Ventilation, and Air Conditioning (HVAC), lighting, and electricity
use. The results demonstrate significant cost savings, emission reductions, and improved
load efficiency, and indicate that connected SGBs operating in island mode can contribute
to sustainable urban development.
The remainder of chapter 4 is organized as follows. Section 4.2 introduces energy
demand prediction for CSGTs in island mode, including performance, cost, and emissions.
Section 4.3 outlines the proposed ML model while Section 4.4 presents the performance
results. Finally, Section 5 summarizes the chapter and discusses the implications for
sustainable urban living.

4.1 SGT Modeling
The design and modeling of SGBs play a critical role in reducing Greenhouse Gas (GHG)
emissions and supporting climate goals. These buildings incorporate advanced technolo-
gies, such as energy-efficient HVAC systems and photovoltaic (PV) solar panels, to im-
prove load efficiency, resulting in substantial energy savings and cost reductions. As one
of the strategies toward a sustainable future, SGBs contribute to environmentally friendly
urban development. This section outlines the modeling of Connected SGTs (CSGTs), fo-
cusing on the integration of sustainable technologies to optimize performance.
Canada has significant energy and climate challenges but there is a lack of research,
particularly regarding the impact on load consumption and energy optimization in
SGBs [125, 129, 130]. This is addressed here with a focus on the geographic and cli-
matic conditions of Burnaby, BC. An understanding of these factors is crucial for design-
ing SGTs tailored to environmental conditions. This research offers valuable insights into
the challenges and opportunities for CSGTs in Burnaby, advancing sustainable building
practices [131].
The daylight hours in a year in Burnaby exceed the sunshine hours. Daylight refers to
the total hours of light each day, while sunshine reflects the availability of direct sun-
light, which affects solar energy harvesting. The longest daylight hours (16.02) occur in
June, while the shortest hours (8.03) occur in December. This variation indicates higher
solar energy potential in summer and reduced availability in winter. Heating Degree
Days (HDD) are also important for understanding climate and designing efficient heating
systems for SGTs. The HDD in Burnaby is approximately 3000 and indicates moderate
heating demand. This helps guide the optimal sizing and design of heating systems to
meet local needs [13].

4.1.1 SGT Formulation
This chapter considers the characteristic home described in [128, 132, 133] to develop a
SGT model. The base model is a two-story townhouse (2140 sq ft) located in Burnaby, BC.
It was built in 1995 and underwent significant renovations in 2007-2008 [128]. Major
renovations typically occur every 15-20 years, depending on the condition of the building,
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regulatory changes, and advances in sustainable technology. The home is oriented south
to maximize solar energy utilization.
LEED certification and Canada Green Building Council (CGBC) standards are considered
to reduce emissions and improve load efficiency [128]. SGTs are designed to operate
solely on electricity to minimize on-site emissions, supported by PV systems with the
goal of net zero energy [134]. During sunny months, surplus electricity can be exported
to neighboring buildings, offsetting consumption during colder months.
Sustainable materials include bamboo flooring, recycled wood, PV panels, LED lighting,
and high-efficiency heat pumps. These materials are widely used in sustainable construc-
tion projects [135, 136, 137]. These materials must adhere to applicable local and inter-
national building codes, including sustainability and safety requirements [138, 139, 140].
Heat pumps and modern air conditioning systems provide energy-efficient year-round
temperature control [141, 142]. Heat pumps supply both heating and cooling and are
more energy-efficient than traditional HVAC systems. Smart air conditioners optimize
cooling by automatically turning off when not required, reducing energy consumption.
This work employs sustainable materials for SGTs in Canada [124]. Windows with a
thermal resistance of R6 are used to reduce heat transfer and improve insulation, helping
to maintain indoor comfort and lower heating and cooling loads [124]. This high ther-
mal resistance is especially beneficial for energy efficiency in colder climates. The R2000
standard for energy-efficient housing in Canada is also employed [124]. It incorporates
advanced insulation and ventilation systems. Table 4.1 gives the components and mate-
rials used in SGTs as well as the technologies and features that contribute to sustainable
buildings.
The townhouse sizes and layouts are optimized for different family needs and energy
usage. The one-bedroom (one-Bd) SGT is designed for a young couple, focusing on com-
pact living with minimal energy consumption. The two-Bd SGT is suitable for a couple
with one young child, providing extra space while being energy efficient. The three-Bd
SGT caters to a family with two teenage children, prioritizing efficient zoning and energy
distribution. The four-Bd SGT is designed for a family of five, incorporating advanced
energy systems to accommodate higher energy demands.
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Table 4.1: Materials and smart technologies used in SGTs.

Material/Technology Description
Air Conditioner High-efficiency cooling system.
Bamboo Flooring Renewable, durable, and eco-friendly.
Connected Appliances Internet connected for remote monitoring and

control.
Cork Wall Insulation Renewable, lightweight, and excellent insula-

tion.
Envelope & Structural Mass Improved insulation and thermal mass for load

efficiency.
EV Charger Electric vehicle charging station.
Heat Pump Energy-efficient heating and cooling.
Hot Water Tank Utilizes recycled materials for thermal insula-

tion.
Light Emitting Diode (LED) Lighting Energy-efficient and long-lasting.
Low Volatile Organic Compound (VOC) Paint Reduces indoor air pollution.
PV Panels RES to reduce electricity costs.
R6 Windows High-performance windows to reduce heat loss

and improve load efficiency.
Rainwater Harvesting System Collects rainwater for irrigation.
Reclaimed Wood Recycled, unique aesthetic, and reduces defor-

estation.
Recycled Glass Countertops Eco-friendly, durable, and visually appealing.
Recycled Insulation Materials Eco-friendly materials for thermal insulation.
Recycled Wood High strength, recyclable, and long-lasting.
Smart Home (SH) Hub Connect and manage smart devices, facilitating

remote monitoring.
Smart Meters Monitor and optimize load consumption.
Smart Plugs Enable remote control and energy monitoring.
Smart Thermostat Programmable and energy-efficient tempera-

ture control.
EVs such as a Tesla 3 Environmentally-friendly transportation with

zero emissions.

Table 4.2: Specifications for hot water tank, HVAC, and PV capacity in SGTs
(island mode).

Townhouse
Type

Hot Water Tank Ca-
pacity (Gallons)

Daily Hot Water
Consumption (Gal-
lons/Day)

HVAC System Ca-
pacity (Tons)

PV System
Capacity
(kW)

Base 20.1 45.3 1.1 2.2
One-Bd 30.3 55.6 1.3 2.8
Two-Bd 39.1 75.2 1.9 3.5
Three-Bd 48.9 95.2 2.5 4.2
Four-Bd 60.3 110.1 2.8 5.4
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Figure 4.1: The SGT components in island mode.

Table 4.1 gives the specifications for hot water tank, HVAC, and PV capacity in SGTs (is-
land mode). PV system capacity refers to the peak output under ideal sunlight conditions
(i.e., under standard test conditions), and does not account for daily or monthly output
variations due to location-specific factors such as weather, shading, or panel orientation.
Operating in island mode increases resilience and reliability to allow CSGBs to function
independently of the grid and ensure an uninterrupted energy supply during outages.
This maximizes the use of locally generated renewable energy such as from PV panels,
and EV batteries for storage, promoting energy independence and decentralized resource
management. Integrating island mode with advanced technologies like Vehicle-to-Grid
(V2G) systems and ML models provides an innovative solution to modern energy chal-
lenges. These models improve load prediction to optimize energy resources and support
sustainability so CSGBs can be an environmentally friendly urban solution.
Fig. 4.1 shows the proposed SGT and its components in island mode. This includes
PV panels, energy-efficient HVAC (e.g., heat pump), and a high-performance hot water
tank [161]. These systems are modeled in OpenStudio 3.8.0 to evaluate energy perfor-
mance. Data is collected using meters that measure electricity, water, and gas consump-
tion. This data is processed and stored on a central server. A WiFi access point provides
communication between the server and devices, while cloud storage supports remote ac-
cess and long-term data storage. This setup enables efficient resource management and
informed decision-making [125, 129, 130].
Fig. 4.1 shows the proposed SGT and its components in island mode. This includes
PV panels, energy-efficient HVAC (e.g., heat pump), and a high-performance hot water
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Table 4.3: PV panel and battery storage specifications for SGTs in island mode.

Parameter 1-Bd SGT 2-Bd SGT 3-Bd SGT 4-Bd SGT
Roof Area (sq ft) 764 1080 1543 1736
Panel Capacity per Unit (W) 300 400 500 600
Total System Capacity (kW) 2.6 3.2 3.8 4.5
Estimated Annual Energy
Output (kWh)

3070 3840 4610 5380

Energy Saved Annually
(kWh)

3070 3840 4610 5380

PV Cell Area (sq ft) 193 251 309 361
Battery Storage (kWh) 9.0 12.0 15.0 18.0
Autonomy Period (days) 1.5 1.5 1.5 1.5

tank [161]. These systems are modeled in OpenStudio 3.8.0 to evaluate energy perfor-
mance. Data is collected using meters that measure electricity, water, and gas consump-
tion. This data is processed and stored on a central server. A WiFi access point provides
communication between the server and devices, while cloud storage supports remote ac-
cess and long-term data storage. This setup enables efficient resource management and
informed decision-making [125, 129, 130].

Table 4.3 presents the PV panel parameters for SGTs including roof area, panel capacity,
energy output, payback period, and cell efficiency, as well as the battery system speci-
fications when operating in island mode. These values were obtained using the results
in [156, 157]. This shows that the roof area, panel capacity, and estimated annual en-
ergy output increase with the number of bedrooms. Larger townhouses have more roof
area, supporting higher-capacity panels. The energy saved annually is the same as the
PV system output reflecting efficient utilization. Battery storage is specified to provide
energy autonomy for 1.5 days. This allows for short-term off-grid operation. The Pay-
back Period here is calculated based on (3.7). SGTs use lithium-ion batteries for energy
storage. The capacities range from 9.0 kWh for a 1-Bd unit to 18.0 kWh for a 4-Bd unit,
each supporting 1.5 days of off-grid operation. Larger SGTs produce more energy but
need more storage and have longer payback periods.

4.1.2 CSGT Formulation
Connecting residential buildings significantly reduces energy consumption and
costs [145]. For SGTs, connecting units improves efficiency and enables better en-
ergy management. Linking modern residential townhouses is similar to Micro-Grids
(MGs) [37, 146]. Here, CSGTs in island mode are examined to assess their performance
and determine the benefits for load optimization and sustainability.
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Key components of connected townhouses are connected water systems [128, 147] and
party walls [148, 149]. Party walls are shared walls between neighboring properties and
are common in townhouses and semi-detached homes. They serve as boundaries and are
jointly owned and maintained. Party wall agreements specify structural maintenance,
repairs, alterations, and dispute resolution [148, 149]. In connected SGTs, party walls
provide structural integrity, noise reduction, and fire safety. Connected water systems
are important for SGB performance, occupant comfort, and sustainability. District cool-
ing provides chilled water across multiple buildings. This work examines district cooling
performance, load patterns, temperature management, and efficiency [147]. It also con-
siders how building operations impact cooling infrastructure effectiveness.
The CGST performance expressions are based on [150, 151]. The heat transfer is given
by

Q = k · A · ∆T

d
(4.1)

where Q is the heat transfer rate, k is the thermal conductivity of the wall material, A
is the surface area of the wall, ∆T is the temperature difference across the wall, and
d is the thickness of the wall. This describes conductive heat transfer where thermal
energy moves through a solid material. It is proportional to the thermal conductivity of
the material and the cross-sectional area through which the heat moves. The goal is to
minimize heat loss or gain and optimize energy use in CGSTs.
Continuity is very important in fluid dynamics and is given by

d(ρA)

dt
= ṁin − ṁout (4.2)

This indicates that the rate of change of mass (ρA) within a volume is equal to the dif-
ference between the mass flow rate entering (ṁin) and leaving (ṁout) the system. This is
applied to fluid systems within CSGTs such as HVAC ducts, plumbing systems, and other
fluid transport mechanisms such as rainwater harvesting systems.
The load consumption is

C =
n∑

i=1

Ci (4.3)

The goal is to minimize C which is the sum of the load consumptions Ci of different
components, systems, or time periods, while maintaining comfortable temperature levels
and adequate flow rates. The building energy balance is

Energy In− Energy Out = Energy Storage (4.4)
where Energy In includes total load consumption. Total load consumption includes elec-
trical consumption (lighting, and HVAC), gas consumption, and water consumption.
Energy Out includes heat loss, heat gain, total load consumption output, and PV panel
output. In island mode, buildings operate independently from the grid, so PV output
is considered an output when it is stored in batteries and used to meet building energy

70



needs. The PV output is a source of energy that contributes to building self-sufficiency.
Energy Storage is changes in internal and external energy storage within the building.
Renewable Energy Integration (REI) refers to the incorporation of RESs into a building
energy system in island mode and is given by

REI = Renewable Energy Used
Total Energy Consumption × 100% (4.5)

where Renewable Energy Used is the amount of energy derived from RES like PV panels,
and Total Energy Consumption is the total energy consumed by the building. It includes
electricity consumption (e.g. lighting and HVAC), gas consumption, and water consump-
tion.
The Smart Technology Utilization Index (STUI) is used to quantify the effectiveness and
efficiency of smart technology implementation in a building. It is expressed as

STUI = Number of Smart DevicesTotal Devices × 100% (4.6)
where Number of Smart Devices is the total number of smart devices used in the building
and Total Devices is the total number of devices in the building.
SGTs range from base to 4-Bd units. The base and 1-Bd units have 1 bathroom, the
2-Bd unit has 2 bathrooms, and the 3-Bd and 4-Bd units have 3 bathrooms. Kitchen sizes
vary from 60 sq ft (base) to 150 sq ft (4-Bd). Dining rooms range from 40 sq ft (base) to
120 sq ft (4-Bd). Living rooms range from 120 sq ft (1-Bd) to 250 sq ft (4-Bd). Entrance
spaces are from 30 sq ft (base) to 90 sq ft (4-Bd). Deck sizes are 40 sq ft to 150 sq ft. The
first bedroom is 100 sq ft in the base unit and 120 sq ft in the others. The 2-Bd to 4-Bd
units have a second bedroom (120 sq ft) and a master bedroom (150-250 sq ft). There
is a second master bedroom (150-200 sq ft) in the 3-Bd and 4-Bd units. Garage space is
available only in the 3-Bd (154.1 sq ft) and 4-Bd (173.8 sq ft) units. The base unit is 680
sq ft while the 4-Bd unit is 1735.9 sq ft. Heights are 8.0 ft (base) and 16.5 ft (other units).
The base unit has a 20-gallon hot water tank, 1.0 ton HVAC system, and 1.80 kW PV
panels. These capacities increase to a 60.3-gallon hot water tank, 3.1 ton HVAC system,
and 4.48 kW PV panels in the 4-Bd unit.

4.1.3 Performance Metrics
This section presents the metrics to assess building efficiency, accuracy, performance,
emissions, and costs. The Total Energy Use Intensity (TEUI) is

TEUI = Total Energy ConsumptionTotal Building Area (4.7)

where Total Energy Consumption is the sum of all forms of energy consumption within
the building in kWh and Total Building Area is the total floor area of the building in sq
ft. The Total Energy Demand Intensity (TEDI) is

TEDI = Total Energy DemandTotal Building Area (4.8)
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where Total Energy Demand is the sum of the peak energy demand from all sources within
the building in kW.
The Control Efficiency Index (CEI) is used to quantify the effectiveness of control sys-
tems in achieving desired outcomes within the building and is given by

CEI = Actual Energy Usage (AEU)
Optimal Energy Usage (OEU) × 100% (4.9)

where Actual Energy Usage (AEU) is the actual energy consumed by the building and
Optimal Energy Usage (OEU) is the energy usage under ideal conditions. This metric is
crucial for building energy management as it helps to identify inefficiencies in control
strategies and provides a basis for optimizing performance.
The Indoor Air Quality index (IAQ) is a measure of indoor air quality. It is used to
quantify the quality of indoor air within the building and is

IAQ =
IAQ Measurement

Maximum Acceptable IAQ × 100% (4.10)

where Maximum Acceptable IAQ is the maximum acceptable level of indoor air quality.
It evaluates various indoor air quality parameters such as Carbon Dioxide (CO2) levels,
Volatile Organic Compounds (VOCs), Carbon Monoxide (CO), and Ozone (O3) [46].
Waste Recycling Rate (WRR) is used to quantify the proportion of waste materials that
are recycled or diverted from landfills and is given by

WRR =
Weight of Recycled Waste
Total Weight of Waste × 100% (4.11)

where Weight of Recycled Waste is the total weight of the waste materials recycled and
Total Weight of Waste is the total weight of the waste materials generated. This reflects
the effectiveness of building waste management with higher values indicating better recy-
cling performance. It is used to identify areas within the building where waste recycling
practices may need to be improved such as common areas and kitchens. Material Recy-
cling Percentage (MRP) is used to assess the sustainability performance of SGBs and is
given by

MRP = Weight of Recycled Materials (WRM)
Total Weight of Materials Used (TWMU) × 100% (4.12)

where WRM is the total weight of the materials recycled and TWMU is the total weight
of the materials used. A building with an average MRP of 75% is more likely to achieve
green certification, reflecting a commitment to sustainability.
The water efficiency is

Water Efficiency = Water Saved
Total Water Used × 100% (4.13)
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It reflects the effectiveness of water-saving measures like low-flow fixtures and rainwater
harvesting. The Electrical Consumption Efficiency (ECE) is

ECE = Total Useful Electrical OutputTotal Electrical Input × 100% (4.14)

A higher ECE means more input electricity is converted into useful energy. The Gas
Consumption Efficiency (GCE) is

GCE = Total Useful Heat Output From GasTotal Gas Input × 100% (4.15)

It measures the efficiency of gas used for heating.
The insulation R-value measures thermal resistance and is given by

R =
d

k
(4.16)

A higher value indicates better insulation which improves building efficiency [35]. Im-
portant R-values include exterior walls (R-30, in ft²·°F·h/BTU), windows (R-5, triple-pane
with low-emissivity coatings), roof/ceiling (R-50, for high insulation), and floor/slab (R-
20, to reduce heat loss through the foundation). OpenStudio provides detailed thermal
values based on the specified materials and their properties.
TEUI and TEDI quantify load consumption and efficiency to help reduce waste and
optimize energy use [162]. GHGI gives the carbon footprint and is expressed as

GHGI = Total Greenhouse Gas EmissionsBuilding Floor Area (4.17)

Compliance with TEUI, TEDI, and GHGI standards is crucial, as it ensures sustainability
and thus building marketability to investors. High TEUI, TEDI, and GHGI ratings signify
superior efficiency, making buildings more competitive. Economic viability [188] con-
siders cost savings, Return on Investment (ROI), and cost-benefit ratios. These support
informed decision-making for load efficiency to align with both regulatory and investment
goals.
The Total Energy Consumption is
Total Energy Consumption = Energy from Storage+ Energy from Renewables (4.18)

where Energy from Storage is the energy supplied by the battery system and
Energy from Renewables is the energy generated by local renewable sources, such as PV
systems. This represents the energy used for building operation in island mode. It should
be sufficient to ensure continuous function when the building is disconnected from the
grid. The cost of energy is

Cost of Energy = Total Energy Consumption× Unit Cost (4.19)
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where Total Energy Consumption is the total amount of energy consumed by the building
and Unit Cost is the unit cost of the energy consumed. The cost savings is

Cost Savings = Cost Before− Cost After (4.20)
where Cost Before is the total cost before implementing load efficiency initiatives and
Cost After is the reduced cost after implementing load efficiency measures. This provides
the financial savings by comparing costs before and after load efficiency measures are
implemented.
The ROI is

ROI = Net Savings
Initial Investment × 100% (4.21)

where Net Savings is the total savings from load efficiency measures and
Initial Investment is the cost of implementing these measures. The net benefit is

Net Benefit = Total Savings− Total Costs (4.22)
where Total Savings is the savings from load efficiency measures and Total Costs are the
expenses for implementing and maintaining them. This provides the overall financial
benefit.
The HVAC metric is defined as

HVAC Metric = 1

n

n∑
i=1

(
Xi −Xmin,i

Xmax,i −Xmin,i

)
(4.23)

where Xi is the ith parameter value, Xmax,i and Xmin,i are the corresponding maximum
and minimum values, and n is the number of parameters. The parameters included in this
metric are heat transfer efficiency, fluid dynamics efficiency, building energy balance,
TEUI, TEDI, cooling energy consumption, and IAQ index.
In island mode, energy storage, backup power, load management, and resilience must
be evaluated to reflect the operational constraints of off-grid systems. The charging and
discharging of the battery is modeled by the State of Charge (SOC)

SOC(t) = SOC(t− 1) +
P-charge(t) · ηcharge − P-discharge(t)

Emax (4.24)

where SOC(t) is the battery charge at time t, P-charge(t) and P-discharge(t) are the cor-
responding charging and discharging power, ηcharge is the charging efficiency, and Emax is
the maximum energy capacity. The energy balance for the storage system in island mode
is

Estorage(t) = Estorage(t− 1) + PPV(t) + Pbackup(t)− Pload(t)− Pstorage(t) (4.25)
where Estorage(t) is the stored energy at time t, PPV(t) is the PV system power, Pbackup(t) is
the backup power, Pload(t) is the building load, and Pstorage(t) is the power used for storage
operations. The backup efficiency is

Backup Efficiency = Total Backup Power Output
Total Backup Power Input+ Energy from Storage × 100% (4.26)
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where Total Backup Power Output is the useful backup power, Total Backup Power Input
is the total energy consumed by the backup system, and Energy from Storage is the energy
drawn from the storage system. Battery degradation over time is modeled by
Capacity(t) = Capacity(t− 1) · (1− Degradation Rate)− Capacity Loss Due to Usage

(4.27)
where Capacity(t) is the remaining battery capacity at time t, Degradation Rate is the loss
rate per cycle, and Capacity Loss Due to Usage accounts for additional loss due to use.

Table 4.4: Outcomes related to water systems and party walls in CSGTs in island
mode.

Parameter 1-Bd 2-Bd 3-Bd 4-Bd
Daily Hot Water Usage
(Gal/Day)

55.1 80.7 105.3 125.2

Energy Savings from Shared
Walls (%)

8.5 12.1 15.2 18.3

PV Panel Output (kWh/Day) 7.2 8.9 10.5 12.2
HVAC System Usage
(Tons/Day)

1.2 1.7 2.3 2.6

Table 4.4 gives the water system and party wall results for CSGTs in island mode. This
shows that the PV system output ranges from 7.2 to 12.2 kWh/day, indicating reliable
energy generation. HVAC usage is lower, reflecting efficient energy management. Daily
hot water usage is consistent across the townhouse sizes, demonstrating good system
capability. Energy savings from shared walls range from 8.5% to 18.3% and indicate
the impact of connected infrastructure on reducing load. Compared to SGTs in island
mode, CSGTs outperform in PV panel output, energy savings, and HVAC efficiency. Thus,
connected SGTs are more resilient and sustainable during off-grid operation.

75



Table 4.5: Monthly energy performance for SGTs and CSGTs in island mode
without an ML model.

Parameter Disconnected Connected Acceptance Range
1-Bd 2-Bd 3-Bd 4-Bd 1-Bd 2-Bd 3-Bd 4-Bd

Efficiency
Heat Transfer (%) 84.1 85.2 86.3 87.4 85.0 86.5 87.8 89.1 80-90
Fluid Dynamics (%) 78.2 79.6 80.5 81.6 79.3 80.8 82.0 83.5 75-85
Total Energy Consumption (kWh/sq ft) 0.79 0.73 0.71 0.68 0.76 0.72 0.69 0.67 0.65-0.80
Building Energy Balance (%) 90.2 91.3 92.4 93.5 91.5 92.6 93.7 94.8 85-95
TEUI (kWh/sq ft) 0.81 0.79 0.78 0.76 0.69 0.66 0.64 0.61 0.60-0.80
TEDI (kWh/sq ft) 0.45 0.44 0.41 0.39 0.41 0.38 0.37 0.36 0.35-0.50
HVAC Metric (%) 90.2 91.0 91.8 92.6 91.2 92.1 93.0 93.8 85-95
Water Efficiency (%) 79.5 79.9 80.7 81.3 80.5 80.9 81.6 82.2 75-85
ECE (%) 95.1 95.7 96.3 96.9 96.0 96.5 97.1 97.7 90-98
GCE (%) 87.3 88.1 88.9 89.7 88.5 89.3 90.1 90.9 85-95
Insulation R-Value (%) 24.0 24.3 24.6 24.9 24.7 25.0 25.4 25.7 20-30
Cost Savings (CAD) 380.5 410.6 440.7 470.8 396.0 426.8 457.4 488.2 -
Performance
RE Integration (%) 30.5 35.1 39.7 44.3 31.2 36.0 40.8 45.6 30-50
STUI (%) 92.5 93.4 94.3 95.2 93.7 94.5 95.4 96.2 90-97
Cooling Energy Consumption (kWh/sq ft) 0.28 0.26 0.25 0.23 0.23 0.22 0.21 0.21 0.20-0.30
CEI (%) 86.2 87.1 88.0 88.9 87.5 88.4 89.3 90.2 85-95
WRR (%) 67.4 69.2 71.0 72.8 68.7 70.6 72.4 74.3 65-75
IAQ (%) 89.0 89.9 90.8 91.7 90.2 91.1 92.0 92.9 85-95
MRP (%) 73.1 73.9 74.7 75.5 74.3 75.1 76.0 76.8 70-80
Energy Storage
Battery Charging Efficiency (%) - - - - 89.31 91.25 92.32 92.87 85-95
Battery Discharging Efficiency (%) - - - - 89.52 90.64 90.89 92.03 85-95
Energy Storage Capacity (kWh) - - - - 53.15 61.42 72.12 83.21 50-80
Backup Power Duration (hours) - - - - 4.23 4.95 6.12 7.31 4-8
Emissions
GHGI (kgCO2/kWh) 0.52 0.49 0.47 0.43 0.50 0.47 0.45 0.41 0.40-0.55
Cost
Cost of Energy (CAD) 550.5 620.8 690.2 761.7 538.0 607.8 677.2 748.5 -
ROI (%) 16.2 17.3 18.4 19.5 17.0 18.1 19.3 20.4 15-25
Net Benefit (CAD) 307.5 361.2 412.4 459.9 316.8 370.4 421.7 469.5 -

Table 4.5 gives the monthly energy performance for SGTs and CSGTs in island mode
without an ML model. These results were generated using Python and EnergyPlus with
the pyenergyplus library. The building model was created in OpenStudio 3.8.0 with .osm
files converted to EnergyPlus input files (.idf). Table 4.5 shows that CSGTs have 5%
to 7% lower energy consumption per square foot due to energy sharing and advanced
management. The TEUI is improved by 10% and the TEDI by up to 12%. The HVAC
and water efficiency are 2% to 4% better and CO2 emissions per kWh are 3% to 5%
lower. Better insulation and renewable energy use reduce heating and cooling loads,
lowering costs by 2% to 4% and increasing ROI by 5% to 7%. These results illustrate
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CSGT sustainability, cost-effectiveness, and energy efficiency, making them a superior
choice for modern buildings.

4.2 Load Optimization Using the Proposed ML Model
This section integrates empirical data, computational modeling, and ML techniques to
analyze critical parameters such as efficiency, accuracy, and cost, which influence smart
green technologies. The primary objective is to optimize load consumption in Smart
Green Townhouses (SGTs) and enhance sustainability [17, 19, 164, 165].
The proposed hybrid model predicts load consumption and optimizes HVAC and light-
ing systems, and electricity usage. It combines the spatial feature extraction of CNNs
with the temporal learning of LSTM networks. It is trained using historical data [17].
The optimization framework focuses on reducing costs and emissions, improving system
performance, and maximizing Renewable Energy Integration (REI) and smart technology
for efficient, sustainable operation.
Hybrid models have been shown to outperform traditional ML methods [164, 184]. The
CNN-LSTM-AEmodel developed in [165] achieved lower Mean Square Error (MSE), Mean
Absolute Error (MAE), Root Mean Squared Error (RMSE), and Mean Absolute Percentage
Error (MAPE) compared to other models using datasets from UC Irvine and Korean com-
mercial buildings. In [165], a CNN-LSTM model was used to improve indoor temperature
modeling for HVAC control. The performance was better thanMLP and LSTMmodels over
multiple time horizons (1-120 min). The proposed model combines a CNN with LSTM to
provide effective load optimization in SGTs as well as insights into energy dynamics and
performance.
The proposed algorithm for managing energy in SGTS in island mode employs a deep
hybrid model integrating CNN and LSTM networks [189, 167, 170]. Fig. 4.2 presents a
flowchart of the proposed algorithm. It involves data analysis, load and energy optimiza-
tion, SB controls, RE integration, occupant behavior modeling, and continuous monitor-
ing. The algorithm begins with data input, such as load consumption and user behavior,
and this is processed using the model.
K-fold cross-validation is employed to train and validate the LSTM-CNN model [190].
LSTM layers with attention focus on important time-series data, while CNN layers with
skip connections extract features from spatial and sequential data. The outputs are in-
tegrated to improve prediction accuracy. The algorithm includes two decision nodes.
If Condition 1 is met, load optimization is conducted, otherwise the results are output.
Condition 2 determines if RE integration and/or occupant behavior are modeled. The
algorithm produces final predictions to optimize energy performance and load efficiency
in CSGTs.
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Figure 4.2: The proposed algorithm flowchart.
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4.2.1 Optimization Problem
The optimization problem is multi-objective. It aims to reduce costs and emissions while
improving performance [191]. The focus is minimizing total energy usage and increas-
ing the integration of RES and smart technologies. The deep ML model predicts load
consumption and optimizes system parameters [163, 169]. The objective function is

F = Minimize Total Energy Consumption− α× REI− β × STUI (4.28)
where the coefficients α and β are based on historical data and prioritize the two key
objectives. The values chosen are α = 0.3 to emphasize cost minimization and β = 0.2 to
focus on emissions reduction with lower priority. This combines load consumption, REI,
and STUI into a single function.
The following constraints are used to ensure solutions meet practical and regulatory
standards

0 ≤ TEUI ≤ TEUImax (4.29)
0 ≤ TEDI ≤ TEDImax (4.30)
0 ≤ REI ≤ 100% (4.31)
0 ≤ STUI ≤ 100% (4.32)

Energy In− Energy Out = Energy Storage (4.33)
Energy Storagemin ≤ Energy Storage ≤ Energy Storagemax (4.34)

where Energy In includes energy generated from local sources like PV panels, while
Energy Out is all energy consumed in the building. Energy Storage is the excess energy
stored in batteries. Several variables have minimum or maximum values that restrict
possible solutions. For example, thermostat settings are limited to 18–25°C. According to
IEC 62933, the minimum energy storage must be 10% and the maximum 90% of total ca-
pacity. Constraints, including budget and regulatory requirements, ensure that solutions
are realistic and effective.
ML techniques have been used to predict load consumption, optimize resources, and im-
prove sustainability in SGTs and CSGTs. Artificial Neural Networks (ANNs) are effective
for load optimization, demand prediction, and anomaly detection. They have also been
employed for occupancy forecasting and load anomaly detection using methods such as
Holt-Winters-Taylor smoothing and Autoregressive Moving Average (ARMA).
The predicted load, the predicted occupancy, the Anomaly Detection, and the HVAC
optimization are calculated based on (3.37) to (3.40) respectively.
Comfort and operational constraints keep the system within acceptable limits. Comfort
constraints ensure thermal comfort by penalizing deviations from desired temperature
or humidity set-points. HVAC behavior over time is dynamic as it responds to inputs
and disturbances. It can be modeled using physics-based equations or simulation and ML
models like LSTM can capture these dynamics.
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The integration of LSTM and CNN layers enables the model to capture temporal depen-
dencies and spatial patterns. Attention mechanisms focus on the most relevant features
while skip connections improve feature representation and generalization. This architec-
ture can adapt to varying input conditions, and handle sequences of different lengths and
complexities while mitigating the vanishing gradients problem and ensuring fast conver-
gence. The proposed model has three LSTM layers and three CNN layers. The outputs of
these layers are concatenated to fuse temporal and spatial representations. The combined
features are passed through a fully connected layer to reduce the dimensionality and re-
fine the data for prediction. The final output layer provides the predictions. The data
processing flowchart for island mode is same with Fig. 3.9. The input data is normal-
ized using scaling and preprocessed for cleaning, missing value imputation, and handling
outliers. The data is then split into training, testing, and validation sets. Non-cyclic fea-
tures (e.g., time components) and correlated attributes are used to improve prediction
accuracy. The data is normalized between 0 and 1 using (3.41) and (3.42) [171]. The
mentioned nine features in section 3.3.2 are the same for the input to the ML model here.

4.3 Performance Results
Building data including system architecture, load consumption, and weather con-
ditions were collected for the SGTs to ensure adaptability to different conditions.
OpenStudio 3.8.0 was used to simulate energy use and the Python v3.11.5 libraries
(pandas v2.1.1 [152], NumPy [153], and Matplotlib [154]) were employed to analyze
and visualize the data. Ninja [155] was employed to compare PV systems. Historical
datasets such as AMPds2 [128, 132, 133, 141] were used to train and validate the ML
models. Island mode in Burnaby assumes CSGTs disconnected from the BC Hydro grid so
energy from PV panels and EVs must be used. This reduces GHG emissions and electricity
costs and improves resilience by satisfying household energy needs while selling surplus
energy.
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Figure 4.3: Monthly electricity consumption for one to four bedroom SGTs and
CSGTs in island mode (2012-14).

Fig. 4.3 presents the monthly electricity consumption for one to four bedroom SGTs
and CSGTs in island mode (2012-14). This shows that both SGTs and CSGTs have higher
electricity consumption in the winter due to greater heating demands. However, CS-
GTs consume more electricity than SGTs, particularly in larger units (3-Bd and 4-Bd),
indicating that smart features contribute to increased loads. Thus, while CSGTs provide
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advanced functionalities, this results in greater energy demands.

4.3.1 Impact of Island Mode on Gas and Water Consumption
Island mode operation significantly impacts gas and water consumption in SGTs, as build-
ings operate independently from the grid. In cold climates like Canada, gas consumption
increases in island mode to meet heating needs, especially when gas is used for heating.
SGT energy management systems can balance gas and electricity energy use in island
mode to ensure a consistent energy supply without over-reliance on a single source.
In island mode, SGTs may shift from electric to gas water heating to manage electric-
ity constraints while ensuring hot water availability [193, 194]. Water-efficient systems
have stricter water-use policies, reduced irrigation, and occupant-driven conservation be-
havior [194]. The Urban Heat Island (UHI) influence on building load consumption [195]
provides important information for optimizing resource use [196]. These results empha-
size the need for energy management and resource optimization to maintain sustainability
in off-grid conditions.

Figure 4.4: Monthly gas consumption for one to four-Bd SGTs and CSGTs in
island mode (2012-14).

In island mode, PV panels and EVs significantly reduce gas reliance by generating and
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storing renewable energy, particularly for 3-Bd and 4-Bd units. The Tesla Model 3 batter-
ies store excess solar energy to power electric heating systems and reduce gas use. Fig. 4.4
shows higher winter gas consumption for heating, with SGTs consuming more gas than
CSGTs. This highlights the efficiency of CSGTs in managing loads, especially in larger
units, supported by optimized systems and PV panel integration.

Figure 4.5: Monthly water consumption for 1 to 4-Bd SGTs and CSGTs for Jan-
uary to December 2013 in island mode.

Fig. 4.5 presents the water consumption for January to December 2013 in island mode
split into indoor (bathing, cooking, laundry) and outdoor (lawn watering) use. CSGTs
show lower total water consumption than SGTs, with a 12.5% reduction for all unit sizes.
In July 2013, CSGTs used 400–1000 L less water, with a savings of 950 L for 1-Bd units.
Peak consumption was reduced by 15% in July 2013, and yearly water consumption was
10,000 L less per unit, reflecting sustainable design. CSGTs also have 10-20% lower water
use due to water-conscious behavior through smart systems. Overall, CSGTs in island
mode save 14.8% more water than SGTs, with 4-bedroom units saving around 11,000 L
yearly.
In island mode, thermal comfort zones (cold, cool, comfortable, warm, too warm) re-
main consistent across townhouse sizes, suggesting standardized design principles. The
comfortable zone, defined as 20-23°C, 40-60% humidity, and 0.3-0.5 m/s airflow, aligns
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with general comfort preferences, ensuring optimal conditions in CSGTs. PV panels and a
Tesla Model 3 EV improve sustainability and load efficiency, supporting thermal comfort.
Airflow increases from 0.1-0.2 m/s in the cold zone to above 0.7 m/s in the warm zone,
ensuring adequate ventilation. Data from the Ninja website supports these results [155].

4.3.2 ML Model Results
A hybrid LSTM-CNNmodel tailored for energy prediction is employed [156]. Island mode
requires managing local generation and storage. The proposed model is evaluated along
with several well-known models including LR, LSTM, CNN, RF, Gradient Boosting (GB),
and the hybrid LSTM-CNN to assess their performance in SGBs. LR serves as a simple
baseline, LSTM excels in handling sequential data, CNN is good at recognizing spatial
patterns, RF is robust at managing non-linear relationships and noisy data, GB improves
accuracy through ensemble learning, and hybrid LSTM-CNN captures both temporal and
spatial dependencies. RF, which utilizes decision tree ensembles, is included to provide
a contrast to the deep learning approaches.
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Figure 4.6: Actual versus predicted monthly electricity consumption with 7 ML
models for a 1-Bd CSGT in island mode (2012-14).
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Figure 4.7: Actual versus predicted monthly electricity consumption with 7 ML
models for a 2-Bd CSGT in island mode (2012-14).
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Figure 4.8: Actual versus predicted monthly electricity consumption with 7 ML
models for a 3-Bd CSGT in island mode (2012-14).
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Figure 4.9: Actual versus predicted monthly electricity consumption with 7 ML
models for a 4-Bd CSGT in island mode (2012-14).

Figs. 4.6-4.9 present the CSGT electricity consumption prediction results for 1 to 4-Bd
CSGTs in island mode with the LR, CNN, LSTM, RF, hybrid LSTM-CNN, GB, and proposed
ML models. CSGT (red line) is actual consumption while the other lines show model pre-
dictions. These results indicate that as the number of bedrooms increases, consumption
also increases due to larger spaces and higher energy needs. The proposed model provides
the best consumption predictions which closely match the actual data. This is because
its complex architecture handles data variability better than the other models making it
effective for optimizing energy use and reducing costs in SGTs.
Table 4.5 presents the performance of connected and disconnected SGTs with 1 to 4
bedrooms in island mode, with and without the proposed ML model. The acceptable
ranges on the following. MAPE < 10% (very good), 10-20% (acceptable), RMSE < 10%
of data range, MAE < 5 − 10% of mean value, R2 > 0.8 (acceptable), and > 0.9% (very
good). The data range and mean consumption are as on the following. 1-Bd (280 kWh,
600 kWh), 2-Bd (350 kWh, 800 kWh), 3-Bd (400 kWh, 1000 kWh), 4-Bd (500 kWh,
1150 kWh). These results fall within the acceptable range, indicating that the model is
reliable. The ML model improves the prediction accuracy and thus the efficiency as the
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MAPE, RMSE, and MAE are lower. The R2 values are greater than 0.80 in most cases,
demonstrating better performance than without the ML model.
Table 4.6 presents the parameters and performance of the 7 ML models, including the
number of layers, neurons, training iterations per epoch, training time per epoch, accu-
racy, and MAE. This shows that the proposed model achieves the highest accuracy (95%)
and a lowMAE (0.013), but with the highest computational cost in training time and num-
ber of iterations. The hybrid LSTM-CNN model also performs well (90% accuracy, MAE
0.011). The ensemble models RF and GB provide good accuracy (89-90%) and reason-
able MAE. LSTM has moderate computational cost and provides good performance (88%
accuracy, MAE 0.015), while CNN (86% accuracy, MAE 0.018) performs well. LR has low
accuracy (84%) and high MAE (0.02) as it is the baseline, but it has low computational
cost.

Figure 4.10: Hourly one day ahead prediction MAPE and MAE for January 3,
2013.

The MAPE andMAE for day-ahead predictions for CSGTs in island mode vary depending
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on weather, occupancy, and resource consumption behavior. Fig. 4.10 gives the hourly
variations in MAPE and MAE for day-ahead predictions for January 3, 2013. This shows
that the error fluctuations are between 3.30% and 4.50% and the MAE ranges from 2.45
kWh to 3.60 kWh. Both metrics decrease throughout the day, indicating improved pre-
diction accuracy. Considering that island mode can be expected to have greater errors
compared to grid-connected mode, the proposed model provides excellent results.
The normality and homoscedasticity residuals [172, 173] are used to validate model
performance. They represent the differences between actual and predicted values that
range from -2 kWh to 1 kWh. The normality (Shapiro-Wilk test) residual has a p-value of
0.061 which is greater than the standard threshold of 0.05. Thus, it conforms to a normal
distribution with random deviations from the mean. The homoscedasticity (Breusch-
Pagan test) residual has a p-value of 0.076. This shows that the variance is consistent.
These results indicate that the model predictions are reliable.

4.4 Conclusion
Connected Smart Green Townhouses (CSGTs) in island mode were considered to improve
energy efficiency by integrating Renewable Energy Sources (RESs) such as PV panels and
energy-efficient HVAC systems. The goal was to reduce load consumption, greenhouse
gas emissions, and reliance on fossil fuels while promoting sustainability. Operating in-
dependently of the grid, island mode offers resilience during outages and optimizes local
energy storage and utilization, minimizing the carbon footprint.
The proposed ML model was developed to predict energy system performance by cap-
turing temporal and spatial dependencies in energy data. Energy management was opti-
mized for connected and disconnected Smart Green Townhouses (SGTs) to reduce energy
waste and costs. A Mean Absolute Percentage Error (MAPE) of 3.30%–4.50% and a Mean
Absolute Error (MAE) of 2.45–3.60 kWh for day-ahead predictions were achieved, indi-
cating excellent accuracy to support sustainable urban development.
In the future, parameter tuning can be considered to improve model performance. Oc-
cupant behavior can also be incorporated into real-time energy policies. The goal is to
improve energy utilization, minimize waste, and foster sustainable practices in urban
living.
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Chapter 5

Adaptive Machine Learning for
Automatic Load Optimization in
Connected Smart Green Townhouses

Residential buildings account for nearly 40% of global energy consumption and GHG
emissions [197]. Traditional energy management in smart buildings relies on manual
adjustments that lack adaptability to changing factors such as occupancy, weather, and
energy prices [198]. This results in operational inefficiencies, energy waste, and limited
resilience. Adaptive systems based on Machine Learning (ML) models can dynamically
respond to real-time conditions, enhancing load efficiency and flexibility. Furthermore,
automatic transitions between grid-connected and island modes reduce human interven-
tion and ensure uninterrupted operation during outages [199]. SGTs integrated with RESs
offer a promising solution for sustainable urban development by optimizing energy use
and reducing environmental impact [192, 200].
Despite advances in energy optimization, many existing systems lack prediction ca-
pabilities, underutilized Internet of Things (IoT) data, and fail to optimize emission re-
duction [201]. Addressing these issues can significantly improve load efficiency and re-
silience by dynamically optimizing energy consumption, prioritizing renewable energy,
and automating operational decisions.
This chapter proposes an adaptive ML-based framework for automatic load optimization
in Connected Smart Green Townhouses (CSGTs). The buildings considered are located in
Burnaby, BC, Canada, and consist of connected townhouses with 1-, 2-, 3-, or 4-bedrooms
with connected water systems and shared party walls [192, 200, 128]. Each townhouse
type is associated with typical occupancy profiles to reflect realistic load usage patterns.
These profiles were informed by publicly available datasets (e.g., from [128, 132]) and
assumptions based on typical residential load usage. The 1-Bedroom (1-Bd) SGT is de-
signed for a young couple, focusing on compact living with minimal load consumption,
representing the lowest load usage. The 2-Bedroom (2-Bd) SGT is suitable for a couple
with one young child, providing extra space while remaining load efficient, with mod-
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erate load usage. The 3-Bedroom (3-Bd) SGT is designed for a family with two teenage
children, prioritizing efficient zoning and load distribution, resulting in higher load usage.
Finally, the 4-Bedroom (4-Bd) SGT accommodates a family of five, representing the high-
est load consumption. The system leverages IoT data, including occupancy, weather, and
energy prices, and employs a deep hybrid Long Short-Term Memory-Convolutional Neu-
ral Network (LSTM-CNN) model. Multi-Objective Particle Swarm Optimization (MOPSO)
is employed to balance costs, carbon emissions, and efficiency. This enables adaptive
load optimization and automatic mode transitions to improve efficiency, reduce costs,
and minimize the carbon footprint.
The remainder of this chapter is organized as follows. The methodology is presented in
Section 5.2 including the proposed ML model and MOPSO algorithm. Section 5.3 gives
the performance results and discussion. Section 5.4 summarizes this chapter including
the implications for sustainable urban living.

5.1 Methodology
The proposed deep hybrid LSTM-CNN model is used to dynamically adjust to changes
in occupancy, load demand, weather, and energy prices [192, 200, 202, 203, 204]. The
hybrid architecture combines LSTM temporal forecasting with CNN spatial feature extrac-
tion to predict load consumption, operational costs, and carbon emissions. The adaptive
system leverages IoT data to refine predictions under changing conditions, ensuring re-
sponsive and accurate optimization. The experimental setup and algorithm details are as
in [192, 200].
Real data from a variety of sources is employed. This includes occupancy and load
demand data from [128, 132], IoT sensor data from [133], weather data from [199, 203],
and energy prices from [203]. Data from IoT sensors (e.g., motion detectors and door
sensors) and smart devices (e.g., thermostats and lighting) are integrated with utility
data to infer occupancy patterns. The AMPds dataset [128, 132] provides high-resolution
time-series data on electricity, water, and natural gas consumption. This is employed
for load demand modeling under seasonal and weather variations. IoT sensors support
real-time adjustments by detecting load changes [133]. Energy-efficient technology such
as heat pumps is also used [141]. This ensures efficient and sustainable Smart Green
Buildings [142].

5.1.1 Problem Formulation
The proposed framework integrates an LSTM-CNN model for accurate prediction of load
demand, energy costs, and carbon emissions with Multi-Objective Particle Swarm Opti-
mization (MOPSO). The LSTM-CNN model employs the Mean Squared Error (MSE) as the
loss function

MSE = 1

n

n∑
i=1

(Predictedi − Actuali)2 , (5.1)
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where Predictedi is the model prediction for the ith sample, Actuali is the correspond-
ing actual value, and n is the number of samples. These predictions serve as inputs for
the MOPSO algorithm to ensure reliable and efficient solutions [205]. This integration
provides a scalable, adaptive, and robust solution for real-time load optimization [163].
The MOPSO algorithm employs a swarm ofN = 60 particles, each representing a poten-
tial solution. Particle i is initialized with position vector Xi(0) and velocity vector Vi(0).
Random initialization is employed to ensure diverse exploration of the solution space,
reducing bias and aiding in discovering global optima.
The multi-objective function is

f(X ) = α · Cost(X ) + β · Emissions(X )− γ · Efficiency(X ), (5.2)
where

X = {Pgrid(t), Prenewable(t), Pbattery(t), Pdemand(t)}, (5.3)
is the vector of decision variables defined as follows.
• Pgrid(t) is the power supplied from the grid at time t.
• Prenewable(t) is the power from RESs (solar panels) at time t.
• Pbattery(t) is the power discharged from the battery at time t.
• Pdemand(t) is the total load demand at time t.

The weights α = 0.3, β = 0.4, and γ = 0.3 reflect the importance of each objective. This
function ensures balanced solutions that address the tradeoffs between economic, envi-
ronmental, and performance goals. While smart inverter functionalities such as Voltage-
Ampere Reactive Control (Volt-VAR) control can contribute to grid stability by injecting
or absorbing reactive power, they are more suitable for utility-scale applications and com-
mercial microgrids. In residential settings, customers are typically billed for active power
(kWh) rather than reactive power (kVARh), and smart inverters are not necessary to pro-
vide voltage regulation. Therefore, this chapter focuses on optimizing active power to
minimize cost, improve efficiency, and reduce emissions.
The total operational cost is

Cost(X ) =
T∑
t=1

Pdemand(t) · Celectricity, (5.4)

where Celectricity is the electricity cost per kWh. The carbon emissions are

Emissions(X ) =
T∑
t=1

Pdemand(t) · Efactor. (5.5)

where Efactor is the emission factor in kg CO2/kWh. The efficiency is expressed as

Efficiency(X ) = Useful Load OutputTotal Load Input , (5.6)
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At time t, particles update their velocities and positions according to
Vi(t) = ω · Vi(t− 1) + c1r1(Pi − Xi(t− 1)) + c2r2(G− Xi(t− 1)), (5.7)
Xi(t) = Xi(t− 1) + Vi(t), (5.8)

where Vi(t) is the velocity of particle i, Xi(t) is the position of particle i, ω is the inertia
weight balancing exploration and exploitation, c1, c2 are acceleration coefficients guid-
ing particles towards their personal best Pi and the global best G, and r1, r2 are random
numbers in the range 0 to 1 to provide stochastic exploration. These updates ensure
adaptive exploration to prevent premature convergence and allow the system to respond
dynamically to changes.
The algorithm terminates when it has converged or the maximum number of iterations
(100) is reached. Convergence is assumed if the global best solution remains within a
threshold for a given number of iterations. Empirical results have shown that beyond
100 iterations, the rate of improvement in the objective function decreases significantly,
indicating that further iterations yield marginal benefits. Tomitigate oscillatory behavior,
a dynamic inertia weight is employed where ω decreases each iteration, and c1 and c2 are
tuned to prevent particle oscillation around local optima. This improves the stability and
convergence of the algorithm.
The load optimization framework employs the following expressions.
• The load balance at time t is

Pgrid(t) + Prenewable(t) + Pbattery(t) = Pdemand(t). (5.9)

• The grid constraints at time t are
Pmingrid ≤ Pgrid(t) ≤ Pmaxgrid , (5.10)

where Pmingrid and Pmaxgrid are the minimum and maximum allowable power from the
grid, respectively, and Pgrid(t) is the power supplied from the grid.
• The battery State of Charge (SOC) at time t is given by [200]

SOCmin ≤ SOC(t) ≤ SOCmax, (5.11)
where SOCmin and SOCmax are the minimum (10%) and maximum (90%) allowable
charge, respectively. This minimum is based on maximizing the available storage
for cost and emission reduction while maintaining battery lifespan. However, in
some applications, particularly when batteries are used to improve resilience and
reliability, the minimum SOC is higher (25-50%) to ensure sufficient availability.
Increasing the minimum will reduce the amount available for daily load optimiza-
tion but improve the available backup power in critical situations. The tradeoff be-
tween economic benefits (lower costs and higher efficiency) and resilience (higher
availability for grid disturbances) should be based on operational priorities.
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Table 5.1: Hyperparameter tuning results for the LSTM-CNN model.

Hyperparameter Values Best Value Selection Method
LSTM Units {64, 128, 256} 128 Grid Search
CNN Kernel Size {3×3, 5×5} 3×3 Grid Search
Activation Function {Tanh, ReLU} ReLU Empirical Evaluation
Batch Size {32, 64} 64 Grid Search
Learning Rate {0.001, 0.0005} 0.0005 Grid Search
Dropout Rate {0.2, 0.3} 0.2 Empirical Testing
Optimizer {Adam, RMSprop} Adam Empirical Testing
Number of Epochs 150 (with early stopping) 150 (early stop at plateau) Convergence
Early Stopping Patience 10 epochs Convergence

• The power of the renewable energy produced from solar panels at time t is
Prenewable(t) = Asolar ·G(t) · ηsolar, (5.12)

where Asolar is the total area of the solar panels, G(t) is the solar irradiance at time
t, and ηsolar is the panel efficiency.
• The demand prediction for time t+ 1 is

Pdemand(t+ 1) = fLSTM-CNN(Pdemand(t), occupancy(t),weather(t)), (5.13)
where fLSTM-CNN() is the hybrid LSTM-CNN model used for prediction, Pdemand(t) is
the actual load demand at time t, and occupancy(t) and weather(t) are the corre-
sponding occupancy information and weather conditions.

The hyperparameter tuning results for the proposed LSTM-CNN model are given in
Table 5.1. They were obtained using an Intel Core i7-12700K processor with 32 GB
RAM and an NVIDIA RTX 3090 GPU. The average training time was 4.2 h. Compared to
traditional static methods, this model provides a 15–20% improvement in accuracy.
The proposed ML model predicts load demand, carbon emissions, and costs, while the
MOPSO algorithm determines operational parameters to balance costs, carbon emissions,
and efficiency [205]. They were implemented using Python v3.11.5 with pandas v2.1.1
for data manipulation, NumPy for calculations, and Matplotlib for visualization [192].
The optimization algorithms considered include Genetic Algorithm (GA) [206, 207],
MOPSO [205, 208, 209, 210], Simulated Annealing (SA) [210], Reinforcement Learning
(RL) [109, 211], and Mixed-Integer Linear Programming (MILP) [212, 213]. Table 5.2
provides a comparative analysis of these algorithms for load management. In addition to
their strengths, weaknesses, and applicability, the average execution time is given based
on our experimental results. This shows that MOPSO outperforms the other methods. The
average time for MOPSO is significantly lower than GA, SA, and MILP, making it more
suitable for real-time applications. RL, while adaptive, has a high execution time due to
extensive training requirements. Although MOPSO may converge to a local optimum, its
speed and ability to handle multi-objective problems make it the best choice for SGBs.
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Figure 5.1: Flowchart for CSGTs load optimization.

Figure 5.1 gives a flowchart of the load optimization for CSGTs. It begins with the data
input including load demand, energy prices, occupancy, and weather. If the building
is in grid-connected mode, the load is optimized using the grid supply, otherwise the
load is managed using battery storage and RESs. In the latter case, the battery SOC is
checked to ensure it is within the acceptable range. If it is, the system proceeds to charge
and/or discharge the battery as needed, otherwise, the process terminates. This flowchart
illustrates the dynamic approach to balance grid dependency, renewable resources, and
battery usage for load optimization.
Model performance is assessed using the Mean Absolute Error (MAE) and coefficient of
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determination (R2). The MAE is

MAE = 1

n

n∑
i=1

|Predictedi − Actuali|, (5.14)

where Predictedi is the ith predicted value, Actuali is the corresponding actual value, and
n is the number of values. R2 is

R2 = 1−
∑n

i=1(Predictedi − Actuali)2∑n
i=1(Actuali − Actual)2

, (5.15)

where Actual is the average actual value.

5.1.2 Other Deep Learning-Based Methods
While the proposed model effectively predicts load demand, cost, and emissions, there are
other deep learning approaches. Transformer-based models have good temporal learning
capabilities but require significantly more computational resources. Hybrid attention
mechanisms can improve interpretability but increase model complexity. Variational
Autoencoders (VAEs) are suitable for anomaly detection but may not generalize well
for optimization problems. The proposed LSTM-CNN hybrid model was selected due
to its ability to capture both temporal dependencies (LSTM) and spatial patterns (CNN)
efficiently. In addition, it is less complex than other deep learning methods, which is
important for real-time applications.

5.1.3 External Uncertainties in Load Optimization
The proposed framework provides effective load optimization based on weather, occu-
pancy, and energy prices. External uncertainties that can affect performance include
policy changes, demand fluctuations, and renewable energy intermittency. These are
discussed below.
• Policy Changes Regulatory policies include adjustments in net metering policies,
carbon pricing, and/or energy tariffs that affect costs. To ensure adaptability, the
framework can integrate periodic policy updates by retraining the model with re-
vised energy pricing and regulatory data.
• Demand Fluctuations Unpredictable occupant behavior, seasonal variations, and
external grid constraints may cause deviations from expected load patterns. To
address this, the framework updates continuously using occupancy-driven forecasts
based on real-time IoT data from motion sensors, smart meters, and environmental
conditions to enable fast load adjustments.
• Renewable Energy Intermittency Variations in solar irradiance affect the avail-
ability of renewable energy. The framework mitigates this by incorporating proba-
bilistic forecasting to anticipate fluctuations and by dynamically managing battery
storage to compensate for variability. Historical weather data and real-time solar
radiation measurements can also be used to improve prediction accuracy.
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5.2 Performance Results
In this section, the load profiles for CSGTs are analyzed. They incorporate data from
public datasets [128, 132] and assumptions about typical residential load usage patterns.
The electricity, gas, and water loads for each townhouse type (1-Bd, 2-Bd, 3-Bd, and 4-Bd)
were calculated separately, and the optimization algorithms ML, PSO, and MOPSO were
used to generate load profiles. The results were then aggregated to provide combined
load usage for CSGTs.
The normalized total load Ltotal(t) at time t is given by

Ltotal(t) =
N∑
i=1

wiLnormalized,i(t), (5.16)

where N = 4 is the number of townhouse types, Lnormalized,i(t) is the normalized load
for the i-Bd townhouse at time t, and wi is the corresponding weight. The weights are
w1 = 0.20, w2 = 0.30, w3 = 0.25, and w4 = 0.25 and reflect the relative contributions of
the townhouses based on their size and occupancy. They were determined using energy
consumption patterns derived from publicly available datasets [128, 132] and occupancy
assumptions.
The normalization for load type j (e.g., electricity, gas, or water) and townhouse type

i is
Lnormalized,i,j(t) =

Li,j(t)− Lmin,i,j
Lmax,i,j − Lmin,i,j

, (5.17)

where Li,j(t) is the load for townhouse type i and load type j at time t, Lmax,i,j is the
maximum load for townhouse type i and load type j across the dataset, and Lmin,i,j is
the corresponding minimum load. This is performed independently for each load and
townhouse type to maintain consistency and ensure comparability across electricity, gas,
and water loads. This prevents any single load type (e.g., electricity) from dominating
the total load profile due to differences in magnitude or units. The normalization for the
ith Bd townhouse is then

Lnormalized,i(t) =
1

3

3∑
j=1

Lnormalized,i,j(t). (5.18)

The electricity load is
Electricity Load = Pappliance + Plighting + PHVAC, (5.19)

where Pappliance, Plighting, and PHVAC represent the power demand from electrical appliances,
lighting, and Heating, Ventilation, and Air Conditioning (HVAC) systems, respectively.
The gas load is

Gas Load (kWh) = Gas Volume (m3) · Cgas, (5.20)

101



where Gas Volume (m3) is the volume of natural gas consumed, and Cgas is the calorific
value of gas (kWh/m3). The water load is

Water Load (kWh) =Water Volume (m3) · Cwater, (5.21)
where Water Volume (m3) is the volume of water used, and Cwater is the energy required
to pump, heat, and treat water (kWh/m3).
Figures 5.2, to 5.5 present the electricity, gas, and water load profiles over 24 hours
in kWh for the four townhouse types. These results show the variations in load patterns
that reflect the differences in occupancy, space utilization, and resource needs. The 1-Bd
SGT has the lowest load due to its compact size and low occupancy and so serves as a
baseline for the other townhouses. The 2-Bd SGT shows a moderate increase in load due
to the greater demand for heating, lighting, and water. The 3-Bd SGT has a higher load
due to the needs of a larger family driven by increased space utilization and occupancy.
These results indicate how load demand scales with family size. The 4-Bd SGT has the
highest load because it has the largest family which results in significant demands for
heating, lighting, and water. The aggregated load profiles for the four townhouse types
are given in Fig. 5.6. These results are used to evaluate the load optimization techniques
and validate the scalability and adaptability of the proposed framework in addressing the
dynamic requirements of CSGTs.

Figure 5.2: Load profiles for the 1-bedroom SGT over 24 hours.
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Figure 5.3: Load profiles for the 2-bedroom SGT over 24 hours.

Figure 5.4: Load profiles for the 3-bedroom SGT over 24 hours.
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Figure 5.5: Load profiles for the 4-bedroom SGT over 24 hours.

Figure 5.6: Aggregated load profiles for the 1-4-Bedroom SGTs over 24 hours.
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Figure 5.7: Base and MOPSO optimized carbon emissions over 24 hours.

Figure 5.8: Base and MOPSO optimized operational costs over 24 hours.

Figure 5.7 gives the base (actual) and MOPSO optimized carbon emissions over time.
This shows a 20% reduction in carbon emissions, with the peak lowered to 5.7 kg CO2

from 6.3 kg CO2 and a minimum of 3.8 kg CO2. Figure 5.8 gives the base and MOPSO opti-
mized operational costs over time. The MOPSO results range from less than 1.1 Canadian
Dollar (CAD) to 1.6 CAD versus a maximum of 1.9 CAD in the base case, which indicates
a cost savings of 15–20%.
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Figure 5.9: ML, PSO, MOPSO, and base load results over 24 hours.

Figure 5.9 presents the load optimization results for CSGTs over 24 hours considering
electricity, gas, and water loads. This shows that the unoptimized (base) aggregate total
load is 14.2 kWh at hour 1 and varies throughout the day with a peak of 16.8 kWh at
hour 16 and a minimum of 12.2 kWh at hour 20. The ML, PSO, and MOPSO loads are
progressively lower indicating improved load management. For example, at hour 16,
the ML load is approximately 16.2 kWh, but the PSO load is about 15.9 kWh, and the
MOPSO load is the lowest at approximately 15.5 kWh. Further, MOPSO consistently
provides the best results over the 24 hours and is 9.4–10.3% lower than the base load.
These results indicate the effectiveness of the algorithms in reducing load consumption
while maintaining load requirements.
While this chapter considers CSGTs in Burnaby, BC, the proposed ML-based optimiza-
tion framework can be generalized to other building types, locations, and energy systems.
This flexibility stems from the ability to incorporate varying occupancy profiles, energy
consumption behaviors, and load patterns using any data and real-world assumptions. By
adjusting input parameters such as floor area, number of occupants, local energy pricing,
and climate conditions, this framework can be employed for any residential configuration,
including detached houses, apartment complexes, and smart communities. The adaptabil-
ity of the proposed framework means it can be effective in any climate and with different
energy systems. The LSTM-CNN model dynamically adjusts to variations in weather, en-
ergy prices, and demand-side fluctuations, so it can adapt to diverse energy policies and
renewable energy integration. Furthermore, the MOPSO algorithm can be employed with
any smart building configuration and various heating/cooling strategies, storage capaci-
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Table 5.3: Comparison of predicted and actual results.

Parameter Predicted Actual Expected Range
Load
(kWh/year)

17,000
(15% reduction)

20,000
([128, 132])

10–20% reduction

Cost Saving
(CAD/year)

1,700
(15% savings)

2,000
([132])

10–20% reduction

Carbon Emissions
(kg CO2/year)

4,250
(15% reduction)

5,000
([132])

10–20% reduction

Table 5.4: Comparison of model performance.

Parameter Proposed Model [202] [203]
Load Savings 15% 10% 12%
Cost Savings 15% 8% 10%
Carbon Emissions
Reduction

15% 9% 10%

MAE (kWh) 50 60 55
R2 0.98 0.92 0.95

ties, and demand-response mechanisms, so it is resilient to evolving energy management
needs.

5.2.1 Proposed ML Model Results
K-Fold cross-validation with K = 10 [192] was used with the proposed ML model to
mitigate overfitting and ensure robust solutions. Table 5.3 gives the validation results
for load, cost, and carbon emissions. This shows that the model lowers the annual load
to 17,000 kWh/year from the base of 20,0000 kWh/year which is a 15% reduction. The
annual costs are 1,700 CAD/year which is 15% less than the base 2,000 CAD/year. Carbon
emissions are also reduced by 15%, from 5,000 kg CO2/year to 4,250 kg CO2/year. These
results fall within the expected range of 10–20% and thus validate the effectiveness of
the proposed model in optimizing load and cost while minimizing environmental impact.
Table 5.4 compares the results for the proposedmodel and the approaches in [202, 203].
This shows that the proposed model achieves a 15% reduction in annual load, costs, and
carbon emissions while the reductions with the other methods range from 8–12%. Thus,
the hybrid ML model provides better adaptability and efficiency compared to traditional
methods. The proposed framework offers benefits to both residential customers and util-
ities that align with modern load management goals. For customers, the framework re-
duces electricity costs by 15–-20% while ensuring load efficiency without compromis-
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ing occupant comfort. The optimized load scheduling and usage maintain the necessary
heating, lighting, and appliance use while minimizing unnecessary consumption. For
utilities, Demand-Side Management (DSM) through optimized usage improves grid reli-
ability and efficiency and lowers peak demand. This leads to deferred investments in
generation capacity and improved resilience. The reduction in carbon emissions con-
forms with national and regional decarbonization policies and regulatory requirements.
Programs such as carbon credits, peak shaving, and grid flexibility encourage utilities to
promote customer-side load efficiency. Utilities often employ Time-Of-Use (TOU) pricing,
demand response, and Grid-interactive Efficient Buildings (GEBs) to provide economic
and environmental benefits. This can be exploited with the proposed framework to di-
rectly benefit customers while improving grid efficiency, reducing capacity constraints,
and meeting regulatory targets. While the focus here was on CSGTs in Burnaby, BC, the
proposed adaptive framework can be applied in any geographic location with any energy
infrastructure. This flexibility lies in integrating real-time IoT data such as occupancy
patterns, weather conditions, and dynamic energy pricing. It can be customized to re-
flect diverse conditions, regulations, and constraints, and supports various grid structures
(grid-connected, microgrid, off-grid). The framework can also be aligned with regional
energy and load policies such as Leadership in Energy and Environmental Design (LEED),
Building Research Establishment Environmental Assessment Method (BREEAM), and the
National Australian Built Environment Rating System (NABERS).

5.3 Conclusion
A new load optimization framework for Connected Smart Green Townhouses (CSGTs) pre-
sented. It outperforms existing methods in terms of load reduction, cost savings, emission
reduction, and accuracy, with lower MAE and higher R2. The results obtained show im-
provements of up to 15% in load efficiency, 15–20% in cost savings (approximately 0.3
CAD during peak hours), and 10–15% in carbon emission reduction (0.6 kg CO2). Thus,
it is effective in improving performance and supporting sustainability goals. It can adjust
to real-time conditions, ensuring efficient and reliable operation for practical real-time
applications in dynamic environments.
Future work will examine the implementation of an integrated Machine Learning (ML)
and Internet of Things (IoT) system. The goal is to improve adaptability and reduce
manual intervention for greater efficiency and sustainability. Validation of the proposed
framework will also be considered for various building configurations and locations to
assess its robustness in urban and suburban settings. Smart grid scenarios such as build-
ings with high renewable energy penetration and battery storage will be examined. The
proposed framework will be extended to large scale residential and commercial develop-
ments.
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Chapter 6

Occupant-Centric Load Optimization in
Smart Green Townhouses Using
Machine Learning

The increasing demand for energy efficiency and sustainability in the building sector has
led to substantial advances in smart building technologies. Smart Green Townhouses
(SGTs) integrate Renewable Energy Sources (RESs), Internet of Things (IoT) devices, and
advanced control systems to optimize energy consumption, reduce costs, and lower envi-
ronmental impact. However, effective load management in residential buildings remains
challenging due to the influence of occupant behavior on energy use patterns [214, 215].
Occupant energy behavior is shaped by psychological and economic factors such as daily
routines, comfort preferences, and decision-making habits [216]. These factors are cap-
tured in the proposed framework by modeling occupancy patterns based on presence
and usage tendencies. This enables real-time occupant-centric optimization for improved
energy efficiency in dynamic residential environments.
Machine Learning (ML) has emerged as a powerful tool for managing the complexity
of load forecasting and control in smart buildings [163]. ML models allow for accurate
prediction and effective control in real-time systems [192, 200]. For example, hybrid
deep learning architectures, such as the combination of Convolutional Neural Networks
(CNNs) and Long Short-Term Memory (LSTM) networks, have been used for robust and
accurate forecasting [217]. CNN-LSTM models have been combined with metaheuristic
algorithms like the Coati Optimization Algorithm for renewable energy forecasting [218].
While these methods have proven effective, existing research does not sufficiently address
the role of real-time occupant behavior in residential load optimization [192, 200, 219].
Deep learning has been employed for equipment scheduling and energy control in dy-
namic systems [220, 221]. However, few approaches provide real-time adaptability while
balancing energy savings, cost efficiency, and occupant comfort. While occupancy-based
HVAC prediction and control has been employed [222, 223], integration with occupant-
aware load forecasting has not been considered. Thus, a real-time, occupant-centric
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load optimization framework is proposed. This framework integrates a hybrid LSTM-
CNN model with Multi-Objective Particle Swarm Optimization (MOPSO) to dynamically
balance load demand, cost, emissions, and comfort. Public datasets and real-time IoT
sensor data [128, 132, 133] are used to enable intelligent control of systems such as
HVAC and lighting based on actual occupancy and preferences. While LSTM-CNN mod-
els have been employed in energy forecasting, the integration with real-time occupant-
centric data has not been considered. The results presented for Connected Smart Green
Townhouses (CGSTs) demonstrate the applicability, scalability, and performance of the
proposed framework in realistic residential scenarios.
The contributions of this work are as follows.
• A hybrid LSTM-CNNmodel is proposed to predict load demand, cost, and emissions.
• Occupant behavior is integrated into a dynamic multi-objective optimization frame-
work.
• The proposed framework is evaluated for four connected townhouses in Burnaby,
British Columbia (BC), Canada. The results obtained indicate significant load re-
duction and cost savings while ensuring occupant satisfaction.

The remainder of this chapter is structured as follows. Section 2 presents the method-
ology and optimization algorithms. The performance is evaluated in Section 3 and the
results are discussed. Section 4 provides some concluding remarks including the implica-
tions for residential load optimization.

6.1 Methodology
A hybrid LSTM-CNN model is employed for dynamic load, cost, and carbon emission
prediction [192, 200]. It was implemented using Python with Pandas for data manip-
ulation, NumPy for calculations, and Matplotlib for visualization [192]. Although the
framework has been designed for real-time applications, model execution time and up-
date frequency depend on available computational resources and sensor sampling rates.
In the experiments, the hybrid LSTM-CNNmodel was used for prediction and optimization
for a 24-hour horizon within 12–18 s on a standard desktop computer which is sufficient
for real-time hourly operation. The framework can be configured to run at hourly inter-
vals for day-ahead optimization and at shorter intervals (e.g., 15 min) for finer control.
An LSTM is used due to its ability to capture long-term dependencies and temporal pat-
terns in sequential data, which is critical for accurate forecasting of loads influenced by
occupant behavior and weather. A CNN is employed to extract local features and spatial
correlations from multi-dimensional inputs such as occupancy and environmental data.
In this chapter, occupant behavior refers to measurable actions and patterns that affect
residential energy consumption. This includes real-time presence detection (e.g., motion
and door sensors), appliance usage habits (e.g., when and how long devices are used),
HVAC and lighting preferences (e.g., thermostat setpoints, lighting usage), and feedback
interactions with control systems. These behaviors are inferred from IoT sensor data and
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smart device logs to support dynamic load optimization.
The MOPSO algorithm is used to optimize the tradeoff between load efficiency, cost
savings, and carbon emission reduction while ensuring occupant comfort. It was chosen
considering the advantages and applicability to SGT systems [192]. It is a well-established
algorithm that has excellent convergence [223], diversity preservation, and suitability for
nonlinear, occupant-influenced multi-objective problems. Here, MOPSO is used to effec-
tively balance load, cost, and emissions while ensuring occupant comfort, which is par-
ticularly challenging in real-time residential applications. This illustrates the practicality
of MOPSO for the optimization of complex, dynamic building energy systems.
Real data from several sources is employed including occupancy and load demand data
from [128, 132], IoT sensor data from [133], weather data from [199, 203], and en-
ergy prices from [199]. Data from IoT sensors (e.g. motion detectors, door sensors) and
smart devices (e.g., thermostats) are integrated with utility data to infer occupancy pat-
terns [225]. The AMPds dataset [128, 132] provides high-resolution time-series data on
electricity, water, and natural gas consumption. This facilitates load demand modeling
under seasonal and weather variations. IoT sensors support real-time adjustments due
to changes in load [133]. Energy-efficient technology such as heat pumps [141] ensure
efficient and sustainable SGTs [142].
Although the focus here is on short-term, real-time occupant behavior, the proposed
framework can easily be adapted to long-term patterns. Seasonal and holiday-related
behavior trends can be captured using historical data to improve load prediction while
maintaining adaptability to dynamic occupant profiles. However, the goal here is real-
time prediction in a dynamic environment that is more challenging due to the very short
time scale.

6.1.1 The proposed framework
The proposed framework uses publicly available datasets [128, 132, 133] and real-time
IoT data collected from SGTs [192, 200]. To ensure consistency across diverse features,
the data are normalized to the range [0, 1]. The normalization for load type j (e.g.,
electricity, gas, water) and townhouse type i is

Lnormalized,i,j(t) =
Li,j(t)− Lmin,i,j
Lmax,i,j − Lmin,i,j

, (6.1)

where Li,j(t) is the load for townhouse type i and load type j at time t, Lmax,i,j is the
maximum load for townhouse type i and load type j across the dataset, and Lmin,i,j is
the corresponding minimum load. This ensures that normalization is performed indepen-
dently for each load and townhouse type to prevent any single load type from dominating
the total load profile due to differences in magnitude or units such as electricity (kWh),
gas (m3), and water (liters). The normalization for the ith bedroom townhouse is

Lnormalized,i(t) =
1

3

3∑
j=1

Lnormalized,i,j(t), (6.2)
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This normalization is critical for the performance of ML models so that features with a
large numerical range do not disproportionately influence model learning. It also im-
proves numerical stability and accelerates convergence, particularly for gradient-based
optimizers such as ADAM used in the proposed LSTM-CNN model.
The electricity load in kilowatt-hours (kWh) is

Electricity Load (kWh) = Lappliance + Llighting + LHVAC, (6.3)
where Lappliance, Llighting, and LHVAC represent the demand from electrical appliances, light-
ing, and HVAC systems, respectively. The gas load is

Gas Load (kWh) = Gas Volume · Cgas, (6.4)
where Gas Volume (m3) is the volume of natural gas consumed and Cgas is the calorific
value of gas (kWh/m3). The water load is

Water Load (kWh) =Water Volume · Cwater, (6.5)
where Water Volume (m3) is the volume of water used, and Cwater is the energy required
to pump, heat, and treat water (kWh/m3).
The base (unoptimized) load demand at time t is given by

Lbase(t) = Ldemand(t)− Lrenewable(t), (6.6)
where Ldemand(t) is the total unoptimized load demand (kW) and Lrenewable(t) is the unop-
timized renewable energy (e.g., PV power). The optimized load without occupant data
at time t is

Lopt,noOcc(t) = Lbase(t)−
(
Lrenewable,opt(t) + Lbattery(t)

)
, (6.7)

where Lrenewable,opt(t) is the optimized renewable energy (kW) and Lbattery(t) is the battery
energy used to offset grid demand (kW). The maximum limits for battery and grid power
(Lbattery,max and Lgrid,max) are based on practical system design assumptions supported by
real-world parameters. Lbattery,max is set in the range 5–10 kW. This aligns with com-
mercially available residential-scale lithium-ion battery systems, and is consistent with
industry-standard systems used in residential microgrids in Canada [192, 200]. Lgrid,max
is set in the range 12–15 kW. This reflects typical urban service capacity in a townhouse
unit in BC and aligns with empirical values used in predicting load management for smart
grid applications [219, 224]. These values are not dictated by specific regulations but are
based on realistic operating conditions and previous research.
The optimized load with occupant data at time t considers occupant-driven factors and
is given by

Lopt,occ(t) = Lopt,noOcc(t)− Locc,adj(t), (6.8)
where Locc,adjustment(t) accounts for real-time occupancy-based load optimization including
HVAC demand adjustments considering presence, load shifting to avoid peak times, and
adaptive appliance control (e.g., delayed washing machine cycles). Substituting (6.7) in
(6.8) gives

Lopt,occ(t) = Lbase(t)−
(
Lrenewable,opt(t) + Lbattery(t) + Locc,adj(t)

)
, (6.9)
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6.1.2 LSTM-CNN Model
The LSTM is used to capture temporal patterns in the input data to learn dependencies
over time. The hidden state at time t is

ht = σ(Wxxt +Whht−1 + bl), (6.10)
where xt is the input at time t, which includes features such as load demand and occu-
pancy data,Wx andWh are weight matrices for the input data and previous hidden state,
respectively, bl is the bias term, and σ is the sigmoid activation function

σ(x) =
1

1 + e−x
. (6.11)

This function limits values to the range [0, 1] and helps the network learn complex, non-
linear relationships by introducing smooth gradients and preventing large outputs.
The CNN extracts spatial features from multi-dimensional data. The CNN output is

y = σ(Conv2D(x,W ) + bc), (6.12)
where x is the input data structured as a two-dimensional (2D) matrix, Conv2D() is 2D
convolution given by

Conv2D(x,W ) =
∑
i

∑
j

W [i, j] · x[i, j],

where W is the convolutional filter (kernel) used to extract local patterns, and bc is the
bias term. The kernel is a small matrix of learnable weights used to extract spatial fea-
tures from the input data. During training, it slides across the input matrix to learn local
patterns such as occupancy and appliance usage. This helps improve the predictive capa-
bility of the model. The bias terms are randomly initialized and updated each iteration
via backpropagation using the ADAM optimizer.
The combined LSTM and CNN output is

Output = g(ht, y), (6.13)
where g() is the fusion function which here is concatenation. The average training time
was 4.6 h. A dropout rate of 0.2 is applied after each LSTM and CNN layer to prevent
overfitting. The model was trained using the Adam optimizer with a learning rate of
0.001 and batch size of 64.
The MOPSO algorithm objective function is

F = w1f1 + w2f2 + w3f3, (6.14)
where

f1 =
N∑
t=1

Ldemand(t), (6.15)
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is the total load demand in kWh that includes all electrical appliances, HVAC systems,
and other energy-consuming devices within the building

f2 =
N∑
t=1

Ldemand(t) · Celectricity, (6.16)

is the operational costs
f3 =

N∑
t=1

Ldemand(t) · Efactor, (6.17)

is the carbon emissions, N is the number of time steps, Celectricity is the electricity cost per
kWh, Efactor is the carbon emission factor in kg CO2/kWh, and w1, w2, and w3 are weights
representing the importance of each objective. The weights used here are w1 = 0.3,
w2 = 0.4, and w3 = 0.3. They were selected empirically to balance the three goals:
load efficiency, operational cost reduction, and carbon emission reduction. Parameter
tuning was conducted to ensure that no single objective disproportionately dominated
the optimization results. The chosen values are the result of extensive evaluation across
many scenarios. The corresponding constraints are

Lgrid(t) + Lrenewable(t) + Lbattery(t) ≥ Ldemand(t), ∀t (6.18)
0 ≤ Lgrid(t) ≤ Lgrid,max, (6.19)
0 ≤ Lbattery(t) ≤ Lbattery,max, (6.20)

where Lgrid(t) is the load supplied by the grid (kWh), Lrenewable(t) is the load met by re-
newable sources (kWh), and Lbattery(t) is the energy supplied from battery storage (kWh).
To maintain occupant comfort, the deviation between the actual and desired indoor
temperature should be within an acceptable range

N∑
t=1

Ldemand(t) · |Tactual(t)− Tdesired(t)| ≤ Threshold, (6.21)

where Tactual(t) is the actual indoor temperature at time t, Tdesired(t) is the correspond-
ing desired temperature, and Threshold is the maximum acceptable cumulative deviation
over the N time steps (optimization period). This ensures energy savings do not compro-
mise thermal comfort so load scheduling decisions account for occupant preferences.

6.1.3 Performance Metrics
Occupant comfort satisfaction is based on thermal comfort, lighting adequacy, and feed-
back adherence. The thermal comfort measures how close the indoor temperature is to
the desired temperature and is given by

Thermal Comfort(t) = 1−min
[
1,
|Tactual(t)− Tdesired(t)|

5

]
, (6.22)
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where 5°C is considered the maximum difference. The lighting adequacy assesses how
well lighting levels meet occupant needs. It is based on the percentage of time that the
lighting intensity stays within the desired range and is expressed as

Lighting Adequacy(t) =
∑r

i=1 β (Lmin ≤ Li(t) ≤ Lmax)
r

, (6.23)

where Li(t) is the actual lighting intensity in room i at time t, Lmin and Lmax are the min-
imum and maximum acceptable light levels, β() is the indicator function that returns 1 if
the lighting is within the desired range, and 0 otherwise, and r is the number of rooms.
Feedback adherence measures how well the building systems (e.g., HVAC, lighting) re-
spond to occupant feedback and is given by

Feedback Adherence(t) = Fimplemented(t)
Fsubmitted(t)

, (6.24)

where Fimplemented(t) is the number of feedback requests that were implemented by the sys-
tem at time t and Fsubmitted(t) is the corresponding number of feedback requests submitted
by occupants.
The occupant comfort satisfaction at time t is a weighted sum of thermal comfort, light-
ing adequacy, and feedback adherence and is expressed as

Occupant Comfort Satisfaction(t) = wT · Thermal Comfort(t)
+ wL · Lighting Adequacy(t)
+ wF · Feedback Adherence(t),

(6.25)

where wT = 0.4, wL = 0.3, and wF = 0.3. These weights are assigned according to the
relative importance of thermal comfort, lighting adequacy, and feedback adherence in
the overall comfort of the occupants.
The performance evaluation metrics are

Mean Absolute Error (MAE) = 1

n

n∑
i=1

|Predictedi − Actuali|, (6.26)

Root Mean Squared Error (RMSE) =
√√√√ 1

n

n∑
i=1

(Predictedi − Actuali)2, (6.27)

Coefficient of Determination (R2) = 1−
∑n

i=1(Predictedi − Actuali)2∑n
i=1(Actuali − Actual)2

, (6.28)

where n is the number of data values, Predictedi is the ith predicted value from the ML
model, Actuali is the corresponding actual value, and Actual is the mean of the actual
values given by

Actual = 1

n

n∑
i=1

Actuali. (6.29)
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The MAE is the average magnitude of the prediction errors so smaller values indicate
better accuracy. The RMSE measures the standard deviation of prediction errors, penal-
izing larger errors more heavily than the MAE. Lower values indicate higher accuracy.
R2 indicates how well the model explains the variations in the actual data. Values closer
to 1 signify better model performance.

6.2 Performance Results
The results presented in this section were generated using OpenStudio (v3.4.0) for load
simulation with and without occupant input. Data analysis and optimization were per-
formed using Python v3.11.5 with Pandas v2.1.1 and Matplotlib v3.8.0 [192, 200]. Real-
time occupancy data was collected with ThingSpeak v2.0 [226].
We consider a CSGT complex with 1-bedroom, 2-bedroom, 3-bedroom, and 4-bedroom
units as shown in Figure 6.1. Connected townhouses include two key components: con-
nected water systems [128, 147] and party walls [148, 149]. Party walls are shared walls
between adjacent properties and are jointly owned and maintained by property owners.
Party wall agreements outline the responsibilities for maintenance, repairs, alterations,
and dispute resolution.

Figure 6.1: Four connected SGTs as a townhouse complex.

Table 6.1 gives the SGT parameters including the number of residents, occupancy, hot
water usage, lighting, EV charging, HVAC consumption, shared wall insulation, and fire
safety. Table 6.2 presents the base and optimization results with and without occupant
data for the CSGT complex. The percentage reduction compared to the base results is
also given. This indicates a significant improvement in load efficiency, cost savings, and
carbon emission reduction. The load is decreased by 10.6% without occupant data and
14.3% with occupant data, confirming the effectiveness of real-time adaptive load man-
agement. Operational costs were reduced by up to 13.0% and carbon emissions decreased
by 11.0% and 15.5%, respectively. Peak load is reduced by 10.5% and 14.0% which
helps grid stability and lowers peak-hour costs. Overall, occupant-centric optimization
increases load efficiency, cost savings, and environmental performance, making CSGTs a
practical solution for the future.
While the proposed framework benefits significantly from real-time occupant data,
there are practical challenges in data acquisition. These include sensor inaccuracies,
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Table 6.1: CSGT Parameters

Feature 1-
bedroom
CSGT

2-
bedroom
CSGT

3-
bedroom
CSGT

4-
bedroom
CSGT

CSGT

Residents 2 (Couple) 3 (Couple
+ Child)

4 (Couple
+ 2 Chil-
dren)

5 (Couple
+ 3 Chil-
dren)

Multiple Units

Occupancy
(Hours/Day)

8–12 10–16 14–18 16–20 Distributed

Hot Water Usage
(Liters/Day)

180 270 400 460 1020

Lighting
(Hours/Day)

3–5 5–7 6–9 6–10 N/A

EV Charging N/A N/A 1–2 EVs (2–
3 hrs/day)

2 EVs (2–4
hrs/day)

N/A

HVAC Consumption
(kWh/m2/Year)

26 28 30 32 N/A

Shared Wall
Insulation

R-22 R-22 R-22 R-22 Energy-
Efficient
Walls

Fire Safety 2 h Fire
Rated
Walls

2 h Fire
Rated
Walls

2 h Fire
Rated
Walls

2 h Fire
Rated
Walls

Fire-resistant
Construction

Table 6.2: CGST Complex Optimization Results

Parameter Base Optimized
Without Occu-
pant Data

Optimized
With Occu-
pant Data

Load (kWh) 20,000 17,880 (10.6%) 16,950
(14.3%)

Operational Costs
(CAD)

2,500 2,250 (10.0%) 2,175 (13.0%)

Carbon Emissions (kg
CO2)

5,000 4,450 (11.0%) 4,225 (15.5%)

Peak Load (kW) 15.0 13.4 (10.5%) 12.9 (14.0%)
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intermittent connectivity, and privacy concerns related to monitoring occupant presence
and preferences. In this study, these issues were mitigated by using anonymized data col-
lection protocols, leveraging non-intrusive IoT sensors (e.g., motion detectors, smart ther-
mostats), and implementing local edge-processing to minimize data transmission risks.

Figure 6.2: Base load, optimized load without occupant data, and optimized load
with occupant data for the 1-bedroom CSGT over a 24 h period.

Figure 6.3: Base load, optimized load without occupant data, and optimized load
with occupant data for the 2-bedroom CSGT over a 24 h period.
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Figure 6.4: Base load, optimized load without occupant data, and optimized load
with occupant data for the 3-bedroom CSGT over a 24 h period.

Figure 6.5: Base load, optimized load without occupant data, and optimized load
with occupant data for the 4-bedroom CSGT over a 24 h period.
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Figure 6.6: Base load, optimized load without occupant data, and optimized load
with occupant data for the CSGT complex over a 24 h period.

Figures 6.2 to 6.5 present the base load, optimized load without occupant data, and
optimized load with occupant data for the individual CSGTs over a 24 h period. Figure 6.6
gives the corresponding results for the CSGT complex. Occupant data includes real-time
and historical information on occupant presence, behavior, and preferences collected via
sensors, IoT devices, smart meters, and user inputs [128, 192, 200]. These results indicate
that occupant-aware optimization improves load efficiency and reduces peak demand.
For example, the 1-bedroom CSGT has a base load peak of 14.3 kWh, and this decreases
to 13.9 kWh without occupant data and 13.3 kWh with occupant data. The 2-bedroom
unit has a peak load reduction from 15.7 kWh to 15.2 kWh and 14.7 kWh. The 3-bedroom
and 4-bedroom CSGTs have base peak loads of 16.8 kWh and 18.1 kWh, respectively,
and they decrease to 15.3 kWh and 16.4 kWh without occupant data and 13.8 kWh and
14.5 kWh when occupant data is incorporated. Figure 6.6 indicates the cumulative effect
is a significant decrease in the complex peak load from nearly 67 kWh to 61 kWh without
occupancy data and 54 kWh with this data. These results demonstrate the value of real-
time occupancy data in dynamic energy management, enabling control strategies that
adapt load profiles to actual usage patterns and occupancy conditions. They also confirm
that the proposed framework effectively improves load efficiency and lowers operational
costs and carbon emissions while ensuring occupant comfort.
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Figure 6.7: Performance improvement relative to historical data for the base
load, optimized load without occupant data, and optimized load with occupant
data.

Figure 6.7 presents the townhouse complex base, optimized without occupant data,
and optimized with occupant data HVAC and peak load reductions, cost savings, carbon
emissions reduction, and occupant comfort satisfaction compared to the historical data
in [128, 132, 133]. The base results are the worst as optimization improves all five
parameters. For example, optimization without occupant data provides an improvement
in HVAC and peak loads of about 18%, and with occupant data there is an additional 2–6%
improvement for all parameters. In particular, occupant comfort satisfaction is improved
to over 85%. These results show the effectiveness of incorporating real-time occupant
data into load management to improve efficiency, reduce costs, and lower environmental
impact while maintaining a high level of occupant satisfaction.
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Figure 6.8: Cost savings versus emissions reduction for the CSGT complex opti-
mized with occupant data.

Figure 6.8 gives the cost savings versus emission reductions for the townhouse complex
optimized with occupant data. This shows the tradeoff between economic and environ-
mental benefits with cost savings between 10% and 17% and emission reductions between
10% and 17%. This reflects optimization considering load demand and occupant behav-
ior. Further, there is an inverse relationship between the two parameters. Thus, reducing
the environmental impact increases costs.

122



Figure 6.9: Base, without occupant data, and optimized with occupant data
CGST complex occupant satisfaction over a 24 h period.

Figure 6.9 presents the townhouse complex occupant satisfaction in terms of thermal
comfort, lighting adequacy, and feedback adherence for the base, optimized without oc-
cupant data, and optimized with occupant data cases. These results indicate optimization
increases all three parameters. For example, thermal comfort increased from a base of
approximately 67% to 80% optimized without occupant data and 86% optimized with
occupant data. The corresponding lighting adequacy improved from 75% to 83% and
89%, and the feedback adherence from 60% to 72% and 82%. These results confirm the
effectiveness of occupant-aware energy optimization in improving occupant satisfaction.
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Figure 6.10: CSGT complex optimized load with full, partial, and no occupancy.

Figure 6.10 illustrates the impact of occupancy on the CSGT complex optimized load
with occupant data over a 24 h period. Full occupancy indicates all residents are present
which results in significant HVAC, lighting, and appliance use. With partial occupancy,
there are fewer residents so energy consumption is lower. No occupancy means the build-
ing is unoccupied so only essential systems are running, such as standby appliances, HVAC
with setback control, and water heating. The results in Figure 6.10 show that occupancy
has a significant effect on load demand. With full occupancy, the peak load is about
66 kW at midday due to increased appliance and HVAC usage. Partial occupancy has
a lower peak load of about 61 kW, reflecting moderate demand due to fewer residents.
No-occupancy has the lowest peak load which is below 57 kW. Thus, occupancy-driven
load optimization is important to reduce peak demand and overall CSGT load. The per-
formance improvements observed, i.e. reductions in load, operational cost, and carbon
emissions, are a result of the integration of the predictive capability of the hybrid LSTM-
CNN model and the dynamic capability of the MOPSO algorithm. The LSTM effectively
captures time-dependent occupancy and load trends, while the CNN identifies spatial
usage patterns from sensor inputs across multiple zones and townhouses. This reduces
grid dependence during peak hours and aligns energy use with occupant presence, which
lowers energy demand, utility costs, and greenhouse gas emissions.
Table 6.3 presents the MAE, RMSE, and R2 for the CSGT complex load optimization
with the Linear Regression (LR), LSTM, CNN, and proposed hybrid LSTM-CNN models.
The LR model has the worst performance with an MAE of 0.80 kWh and RMSE of 1.20
kWh, indicating poor prediction accuracy. The LSTM model has an MAE of 0.60 kWh and
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Table 6.3: CSGT performance with four models.

Model MAE
(kWh)

RMSE (kWh) R2

Linear Regression
(LR)

0.80 1.20 0.85

LSTM 0.60 0.72 0.89
CNN 0.56 0.75 0.93
Proposed 0.47 0.68 0.95

an RMSE of 0.72 kWh, which is lower. The CNN model improves on these results with an
MAE of 0.56 kWh and an RMSE of 0.75 kWh. Further, R2 is 0.93 which is better than with
the LR and LSTMmodels. The proposed model provides the best overall performance with
the lowest MAE (0.47 kWh) and RMSE (0.68 kWh), and the highest R2 (0.95), indicating
superior prediction accuracy and reliability. These results validate the effectiveness of
the model in energy load forecasting. While the proposed model outperforms the others,
its decisions are less interpretable due to the deep learning architecture. Incorporating
explainable AI techniques can improve understanding of the input-output relationships,
particularly for stakeholders seeking clarity in operational decisions.

6.2.1 Sensitivity of Key Parameters
The impact of key parameters is now considered.
1. Occupant Behavior Weights (wT , wL, wF ): Increasing the weight assigned to ther-
mal comfort (e.g., wT from 0.4 to 0.6) will improve temperature satisfaction but also
increase HVAC usage, potentially raising energy consumption by up to 8% [223].
Similarly, a higher feedback adherence weight (wF ) will improve personalization
but may introduce variations that will reduce energy efficiency.

2. Optimization Objective Function Weights (w1, w2, w3): Adjusting the MOPSO
weights shifts the balance between load, cost, and emissions. Prioritizing emissions
(w3 > 0.4) will reduce carbon emissions but increase reliance on storage and renew-
able energy, resulting in higher costs [199, 203]. On the other hand, emphasizing
cost (w2 > 0.4) will improve affordability but may lower occupant satisfaction due
to less flexible HVAC control.

3. MOPSO Parameters: As observed in [222], larger swarm sizes or increased cog-
nitive/social weights improve convergence but require longer computation times,
which may not be feasible for real-time applications.

4. Model Hyperparameters (e.g., depth, learning rate): Deep architectures such
as LSTM and CNN can provide better accuracy but risk overfitting, especially with
small datasets [217, 218]. A properly tuned architecture balances prediction accu-
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racy and generalizability. The hyperparameters used here are based on the results
in [192, 200].

6.3 Conclusion
This chapter introduced a scalable occupant-centric load optimization framework for Con-
nected Smart Green Townhouses (CSGTs), integrating a hybrid Long Short-TermMemory-
Convolutional Neural Network (LSTM-CNN) with Multi-Objective Particle Swarm Opti-
mization (MOPSO). Real-time occupant data was used to dynamically optimize energy
loads, resulting in substantial performance improvements. The results obtained indicate
reductions in load by 12.7%, operational costs by 13.0%, and carbon emissions by 15.5%.
Furthermore, peak load demand was reduced by up to 12.7% which helps improve grid
stability. In addition, occupant satisfaction was improved with thermal comfort increas-
ing by 19%, lighting adequacy by 14%, and feedback adherence by 22%. The tradeoff
between cost savings and emission reductions indicates the proposed framework can be
used in real-world applications. Future research will consider Renewable Energy Systems
(RESs) and system scalability to ensure sustainable and adaptive energy management for
CSGTs considering occupant satisfaction. Further, Transformer-based architectures and
statistical time-series models such as Prophet can be employed to improve long-term fore-
casting and model interpretability. Key parameters such as occupant comfort weights and
the cost-emission tradeoff can be considered to assess their impact on model performance
in residential scenarios considering occupant behavior.
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Chapter 7

Conclusion and Future Work

7.1 Conclusion
A comprehensive approach to optimizing energy management in SGBs through ML, real-
time occupancy modeling, and load optimization strategies was presented. The proposed
approaches provide significant improvements in energy efficiency, cost savings, carbon
emission reduction, and grid stability.
A comprehensive investigation into energy optimization for SGTs and CSGTs, using
state-of-the-art ML models under both grid-connected and island modes was presented.
The primary focus was to improve energy efficiency, reduce carbon emissions and opera-
tional costs, and improve occupant satisfaction. A review of ML models applied to energy
demand prediction in MBs was conducted. It was found that hybrid and ensemble ML
models such as SVM and RF outperform traditional single ML models. These hybrid ap-
proaches achieved up to 15% greater accuracy, confirming their effectiveness in energy
prediction and suggesting that incorporating a wider feature set will improve model per-
formance. A hybrid deep learning model combining LSTM and CNNwas proposed for load
optimization in CSGTs operating in grid-connected mode. It integrates PV systems and
smart components to reduce electricity, water, and gas consumption. The hybrid model
provided superior results compared to baseline ML models (e.g., LR, RF, GB), achieving
MAPE values below 5%, and R2 consistently above 0.85. These results validate the model
precision and prediction reliability for multi-bedroom CSGT units. The proposed hybrid
ML model was also applied to CSGTs in island mode. By incorporating EVs and using V2G
strategies, the model addressed energy storage and load balancing challenges. The model
MAPE was 3.30%–4.50% with MAE values between 2.45 and 3.60 kWh, confirming its
ability to provide efficient and resilient energy management in off-grid scenarios. This
also indicates that CSGBs are viable components of sustainable urban infrastructure.
An adaptive load optimization framework enabling automated transitions between grid-
connected and island modes was introduced. A MOPSO algorithm was employed to bal-
ance cost, emissions, and efficiency in real-time. The results indicate efficiency improve-
ments of 3–5% in grid-connected mode and 10–12% in island mode, along with carbon
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emission reductions of 4–6%. This framework demonstrates the practicality of dynamic
load control with minimal manual intervention, supporting reliable operation in diverse
environments.
An occupant-centric framework was presented that integrates real-time IoT data and ML
prediction to optimize energy usage based on occupant behavior and comfort preferences.
This model reduced overall loads by up to 13%, peak demand by 12.7%, operational costs
by 13–21%, and carbon emissions by 15–24%. It also significantly improved occupant
satisfaction, with thermal comfort increasing by 19%, lighting adequacy by 14%, and
feedback adherence by 22%. These results confirm the human-centric nature of the model
and its adaptability to real-world building management needs.
These contributions establish a foundation for future research aimed at improving en-
ergy efficiency, scalability, and real-world implementation of smart energy management
systems. However, there remain open challenges and areas for further investigation.

7.2 Future Work
The results presented open several promising avenues for further research on SGBs. Fu-
ture work will focus on improving system scalability, integrating advanced AI models,
optimizing real-time energy decisions, and increasing grid-interactive capabilities.

7.2.1 Advanced Energy Management: Real-Time Optimization of RE
and Storage

One of the key limitations in smart energy management is the real-time synchronization
between RE generation, storage, and demand response. Future research will explore the
following.
• Hybrid AI-based forecasting models (LSTM-CNN, Transformer models) Predict-
ing short-term solar generation and energy consumption for improved RE utiliza-
tion.
• RL-Based Battery Management Implementing Deep Q-Network (DQN) and Proxi-
mal Policy Optimization (PPO) to optimize battery charging/discharging schedules
based on dynamic energy pricing [227].
• Multi-Agent Energy Coordination Leveraging game-theoretic models to optimize
energy-sharing strategies among townhouses, and improve load distribution and
grid stability.

Integrating these strategies will increase energy autonomy, minimize grid dependency,
and maximize sustainability.
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7.2.2 Enhancing Computational Efficiency and Model Scalability
Deploying real-time AI models in energy management requires addressing computational
efficiency and scalability challenges. Future research will focus on the following.
• Federated Learning for Decentralized Energy Optimization Implementing
privacy-preserving learning models where multiple CSGTs collaboratively train ML
models without sharing sensitive data.
• Attention-based Transformer Architectures Enhancing energy forecasting with
self-attention mechanisms for capturing complex temporal energy usage patterns.
• Graph Neural Networks (GNNs) for Load Distribution Prediction Applying
GNNs to model spatial dependencies in energy-sharing between multiple town-
houses [228].
• Edge Computing-Based Energy Optimization Utilizing TinyML and TensorFlow
Lite for low-latency decision-making on IoT-enabled energy management devices.

These approaches will ensure real-time adaptability, scalability, and computational effi-
ciency in SGB energy optimization.

7.2.3 Grid-Interactive Smart Townhouses and Utility Collaboration
Future SGTs must interact efficiently with the power grid, allowing for dynamic pricing,
demand response participation, and grid-supported services. The research areas include
the following.
• Dynamic Tariff Models for TOU Pricing Developing AI-driven pricing response
strategies to optimize energy costs based on real-time electricity market conditions.
• Integration with Grid-Interactive Efficient Buildings (GEBs) Creating a two-way
communication framework for CSGTs to support grid stability.
• Blockchain-Based Peer-to-Peer (P2P) Energy Trading Enabling secure, decen-
tralized energy-sharing between townhouses [229].
• Virtual Power Plant (VPP) Aggregation Aggregating CSGTs into a DER network,
allowing participation in grid frequency regulation and ancillary services.

By integrating utility-driven incentives, future studies can bridge the gap between energy
consumers and providers, creating cost-effective, resilient energy systems.

7.2.4 Stochastic Optimization for Demand-Supply Variability
Energy consumption in SGBs is inherently uncertain due to weather conditions, occu-
pancy fluctuations, and unpredictable load variations. Future research will consider the
following.
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• Stochastic Programming for Uncertainty Modeling Implementing Monte Carlo
simulation, Bayesian networks, and scenario-based optimization for accurate uncer-
tainty quantification.
• Adaptive Reinforcement Learning-Based Control Designing self-learning control
algorithms that adjust energy dispatch strategies dynamically.
• Robust Multi-Objective Optimization Utilizing Pareto-based evolutionary algo-
rithms (Non-dominated Sorting Genetic Algorithm II (NSGA-II) and Multi-Objective
Evolutionary Algorithm based on Decomposition (MOEA/D)), to optimize cost,
emissions, and occupant comfort under uncertainty [230].

This will enable highly adaptive energy management for SGBs, ensuring resilient, self-
optimizing control frameworks.

7.2.5 Personalized Energy Management Strategies for Occupant Be-
havior Modeling

Occupant behavior significantly influences energy consumption patterns in SGBs. Future
research will explore the following.
• Real-Time Occupancy Detection Systems Using computer vision (You Only Look
Once (YOLO), OpenPose) and sensor fusion (motion, CO2, temperature sensors) to
accurately model occupancy patterns.
• Human-in-the-Loop Optimization Designing interactive energy-saving strategies
based on occupant preferences and behavioral feedback loops [231].
• Gamification and Incentive-Based Energy Conservation Developing smartphone
applications that reward energy-efficient behavior through gamified user engage-
ment strategies.

This occupant-driven optimization approach will improve comfort, reduce unnecessary
energy consumption, and increase overall system efficiency.

7.2.6 Advanced Smart Inverter Functionalities for Grid Stability
As DERs become more prevalent, future work must consider smart inverter integration
for grid support. The research topics are as follows.
• AI-Based Volt-VAR Optimization Implementing ML-driven reactive power control
for real-time voltage stabilization [232].
• Automated Frequency ResponseMechanisms Enabling smart inverters to dynam-
ically adjust power output for grid frequency balancing.
• Integration of Solid-State Transformers (SSTs) Exploring digital power conver-
sion technologies to enhance smart grid stability.
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This research will establish SGBs as active participants in maintaining grid stability, and
supporting resilient and intelligent energy networks.

7.2.7 Validation Across Different Geographic Locations and Multi-
ple Building Types

Validation across diverse scenarios is essential to demonstrate its scalability and general-
izability. Future research will explore the following.
• Diverse climate zones and geographic locations to assess performance variations.
• Commercial and residential buildings to explore the adaptability of energy manage-
ment approaches.
• Higher renewable penetration scenarios to assess integration challenges in net-zero
buildings.

This work will ensure scalable, future-proof SGB models for smart urban communities.
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Appendix

Table A.1 summarizes the LEED standards [144] considered for SGBs in Canada. These
standards, which were discussed earlier, provide a framework for sustainable building
practices and guide the development of energy-efficient and environmentally responsible
structures. The insulation R-value properties are presented in Table A.2 and discussed in
Chapters 3 and 4. These values provide the thermal resistance of various materials used
in building insulation, which plays a critical role in energy efficiency and heat retention.
Algorithm 1 outlines the performance evaluation of the proposedMLmodels using metrics
such as R2, RMSE, MAE, and MAPE. This code was implemented in Python v3.11.5 and
can be adapted for future research.
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Algorithm 1 ML Model Performance Metrics Calculation
1: Input: Actual values actual, model predictions predicted_models
2: Output: MAE, RMSE, R2, and MAPE for each model

3: Step 1: Load dataset
4: data← pd.read_csv('data.csv')

5: Step 2: Define actual and predicted values
6: for each model in predicted_models do
7: actual← data['actual']
8: predicted← data[model]
9: end for

10: Step 3: Define MAPE function
11: function MEAN_ABSOLUTE_PERCENTAGE_ERROR(y_true, y_pred)
12: return mean

(∣∣∣y_true−y_pred
y_true

∣∣∣)× 100

13: end function

14: Step 4: Calculate metrics for each model
15: for each model in predicted_models do
16: MAE← mean_absolute_error(actual, predicted)
17: RMSE← mean_squared_error(actual, predicted, squared=False)
18: R2 ← r2_score(actual, predicted)
19: MAPE← mean_absolute_percentage_error(actual, predicted)
20: Store metrics in metrics[model]← {MAE, RMSE, R2, MAPE}
21: end for

22: Step 5: Display results
23: for each model in metrics do
24: Print MAE, RMSE, R2, and MAPE for model
25: end for
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