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ABSTRACT

Traditional retrofitting methods need a considerable upgrade; therefore, they often require significant time and
financial investment, and can disrupt the building operations and occupant activities during implementation.
Consequently, developing fast-response retrofitting solutions to save energy on urban and large scales is critical
for city planners and policymakers. This study integrates a Gaussian Process-based Deep Learning (GPDL) model
to retrofit buildings on a metropolitan scale, aiming to accelerate the transition towards smart cities. Gaussian
Process offers a probabilistic approach to assess uncertainty in data points, while deep learning captures complex
data patterns. The hybrid approach enhances the accuracy and reliability of end use intensity (EUI) predictions,
ultimately supporting the computation of the primary energy factor (PEF) for improved decision-making in energy
management. The proposed GPDL model was applied to a case study consisting of 6076 buildings in Mullingar
City, which is located in Westmeath County, Ireland. The case study evaluated various heating, ventilation, and
air conditioning systems (HVAC) such as gas boilers, electric heaters, and heat pumps, as well as different wall
structures with distinct insulation layers in retrofitted buildings. The results demonstrated a reduction of EUI by
about 52.4 %, resulting in 39.2 % energy savings for the overall city, with the proposed GPDL. The developed
GPDL presented high accuracy mean square error: 1.3005, root-mean-square error: 0.0036, and mean absolute
percentage error: 0.0022, leading to rapid EUI predictions within seconds, compared to the state-of-the-art linear
and spline regression models, which require hours for similar estimations. The findings also underscored that
the choice of heating, water system, HVAC, fans, interior lighting, electric equipment, pump, and gas equipment
system has a greater impact on EUI than wall structure, leading to valuable recommendations of natural gas or
renewable energy sources due to lower primary energy factor for urban planners focused on developing smart
cities.
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Symbols

5(x — x’) Kronecker Delta Function

o? Noise Variance

H(x) Mean Function at x

z Variance-covariance Matrix

[ Function-space Mapping

0 Hyperparameters of the Model

E Expectation Operator (mean)

m Mean function at x

\Y% Variance operator

GP Gaussian Process

N Normal distribution

K Kernel function

C Constant value in kernel function

l Length scale parameter in RBF kernel

1 Spread/Projection of Kernel Function

X Input feature vector

Y Output target vector

Cov Covariance

D Domain

RBF Radial Basis Function

F Concatenation Function

fo DL Model

oap Estimated Uncertainty of GP Model
Variables

Ap Total floor area of building B [m?]

Agotal Total floor area of all buildings

Eg Total energy consumption of building B [kW h]
E;, Energy consumption of device i at time ¢ [kW h]
EUI End Use Intensity [kW h - m™?]

EUI  Predicted EUI from GPDL model [kW h - m™2]
PEF Primary Energy Factor [—]

Std Standard deviation

SPES  Specific Primary Energy Source [kW h - m~2]
T Maximum Time

t Time Step

Temp Temporary variables

Abbreviations

ANN Artificial Neural Network

AIC Akaike Information Criterion

API Application Programming Interface
AHP Analytic Hierarchy Process

BIC Bayesian Information Criterion

CBR Case-Based Reasoning

CK Constant Kernel

CDF Cumulative Distribution Function
DHW  Domestic Hot Water Standard Deviation
FNN Feedforward Neural Network

G Gas Energy Source

GP Gaussian Process

GPDL  Gaussian Process-based Deep Learning
GPS Global Positioning System

HP Heat Pump

DL Deep Learning

RMSE Root Mean Squared Error

RES Renewable Energy Source

MBE Mean Bias Error

MSE Mean Squared Error

MAE Mean Absolute Error

MAPE Mean Absolute Percentage Error

PIN AW Prediction Interval Normalized Average Width
NLPD Negative Log Predictive Density
RBF Radial Basis Function

GHG Greenhouse Gas

HV AC Heating, Ventilation, and Air Conditioning
1.S. Irish Standard

CAPEX Capital Expenditures

Al Artificial Intelligence

GA Genetic Algorithm

RF Random Forest

kWh kilowatt Hour
NSAI National Standards Authority of Ireland
PV Photovoltaic

0-0 Quantile-Quantile

osM Open Street Map tool

(0] Other Energy Sources (i.e., peat, biomass, RESs)
w White Kernel

1. Introduction
1.1. Background study

Buildings account for approximately 30-40 % of global energy
consumption, making the building sector one of the largest energy
consumers worldwide, and thus contributing to greenhouse gas (GHG)
emissions [1]. The primary sources of energy consumption in build-
ings are heating, cooling, ventilation, lighting, and powering electronic
appliance systems [2]. The energy consumption of these systems is in-
fluenced by the building type, age, climatic conditions, and occupancy
patterns [2]. Historically, building designs were mainly concentrated on
cost-effectiveness and functionality, often compromising on sustainabil-
ity and energy efficiency, thereby leading to the traditional buildings
characterized by high energy consumption [3]. Consequently, in the en-
ergy landscape buildings represent an important sector when it comes
to global efforts to optimize energy consumption for reducing GHG
emissions and mitigating climate change [4].

Retrofitting emerges as an impactful solution for enhancing
the energy efficiency of the traditional buildings [1]. Retrofitting
measures correspond to updating an outdated and inefficient building’s
infrastructure, such as heating, ventilation, and air conditioning

(HVACQ), envelope, insulation, and fenestration, with a more efficient
system [5]. The retrofitting scenarios are cost-effective solutions that re-
duce the energy cost and carbon footprint by utilizing renewable energy
vectors such as solar energy, and having efficient HVAC systems, thus
contributing to environmental sustainability. Given the material [6],
labor, structure modification [7], and utility connection [8] costs,
retrofitting existing buildings often comes with significantly higher
installation and upgrade costs, leading to an increase in capital expendi-
tures (CAPEX) [9]. Retrofitting the existing buildings requires the con-
sideration of several key factors including: the energy system, building
envelope, the energy vector, and building occupancy [10]. The energy
system is characterized by the HVAC system [11], the building envelope
consists of the heat conductance and the air leakage [12], the energy
vector holds the energy generation sources such as fossil fuel, renewable
(e.g., solar, wind, and heat pump) [13] and the energy carrier systems
(e.g., high, medium, and low voltage systems along with substations),
while the building occupancy deals with the people in the buildings and
their comfort level. Consequently, retrofitting existing buildings repre-
sents a complex process and thereby requires sophisticated solutions that
are not only cost-effective but also support desired building efficient
operations [14].
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1.2. Importance of Al in retrofitting buildings

It is evident that adopting an effective retrofit measure is a com-
plex and challenging task that requires evaluating adaptive scenarios
to determine the most optimum case in relation to each building’s
environment [13]. Recent advancements in artificial intelligence (AI)
technology (e.g., machine learning and deep learning) are emerging
as pivotal solutions for optimizing retrofitting scenarios [15] that en-
able data-driven approaches [16] for decision-making to achieve cost,
energy, and environmental efficiency in building operations [17]. In
more detail, a well-trained Al system has the capability to comprehend
the building energy consumption pattern and detect the mainstreams
of energy leaks. It can also expand the findings by suggesting suitable
retrofitting scenarios based on spatio-temporal requirements to the local
decision makers, aiming to minimize energy waste in the energy com-
munity [18]. These Al-enabled systems support advanced knowledge of
energy consumption and offer intelligent solutions to schedule the build-
ing energy system based on their corresponding occupancy behavior,
ventilation and heating time, and hot water usage. However, the Al-
enabled models for retrofitting building scenarios are data-hungry [19],
longer training time [20], utilization of higher computational resources,
suffering from poor parameter tuning [21], comprehending the end-
user intensity, and primary energy factors (PEFs), leading to underfitting
and overfitting [22] issues. Given the interdisciplinary energy consump-
tion in a diverse building community where numerous factors such as
building envelope materials, HVAC systems [23], occupancy schedules,
dynamic tariffs [24], etc. are involved, such limitations often mislead
the optimum decision-making in large-scale smart city scenarios.

1.3. Knowledge gap and our contribution

While Al-enabled models are considered powerful tools with poten-
tial for solving complex retrofitting problems, they pose several open
challenges when applied to building retrofitting. These challenges in-
clude their dependency on large datasets [19], high computational
costs [20], issues related to model parameterization [21], inability
to capture critical factors effectively [25], and performance limita-
tions [22]. Furthermore, the interdisciplinary nature [26] of energy
consumption in retrofitted buildings, dynamic usage patterns driven by
stochastic occupant behavior, and fluctuating energy costs [24] create
highly complex retrofitting scenarios. These complexities [26] and the
open challenges associated with the Al-enabled models [21] portray an
evident knowledge gap and necessitate the development of robust mod-
els capable of accurately capturing comprehensive energy consumption
patterns while delivering efficient performance. To bridge this knowl-
edge gap, this work introduces a hybrid approach that integrates the
Gaussian Process (GP) with Deep Learning (DL), aiming to: accelerate
the transition of retrofit buildings towards smart cities. In the devel-
oped GPDL model, the GP efficiently captures the uncertainties inherited
in the data points, while the DL learning captures complex data pat-
terns to enhance the accuracy and reliability of end use intensity (EUI)
predictions. This ultimately supports the computation of the PEF for im-
proved decision-making in energy management. The contributions of
this investigation are:

* Developed a hybrid data-driven approach based on the integra-
tion of Gaussian-Process with deep learning aiming to enhance the
prediction of the EUI, reduce the computational complexity, and
recommend the primary energy source for the heating, water sys-
tem, HVAG, fans, interior lighting, electric equipment, pump, and
gas equipment system.

Established a detailed architecture highlighting the functional com-
ponents of retrofitting buildings in conjunction with the developed
GPDL. Moreover, a detailed formulation for the EUI and PEF is
established and a detailed mathematical modeling for integrating
the Gaussian Process with deep learning is presented. In addition,
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a detailed characterization and exploration of the various retrofitted
buildings is presented and mathematically coupled with the devel-
oped GPDL model.

Conducted a detailed case study on the retrofitted buildings in
Mullingar city and tested the case study on the developed GPDL
model. A comprehensive evaluation criterion is established from the
EUI, PEF, deep retrofitted analysis, and model performance. Given
the evaluation criteria, the performance of the proposed GPDL is
evaluated against state-of-the-art linear [27] and spline [28] regres-
sion models. The results demonstrate a reduction of EUI by about
52.4 %, resulting in 39.2 % energy savings for the overall city with
high accuracy (MSE: 1.3005, RMSE: 0.0036, and MAPE: 0.0022).
This leads to rapid EUI predictions within seconds, compared to the
state-of-the-art linear and spline regression models, which require
hours for similar estimations.

1.4. Paper organization

The structure of the study is as follows: in Section 2, an up-to-date re-
view of the literature is provided. The methodology followed by the case
study is described in Section 3. The simulation setup, performance eval-
uation criteria, and results with discussions are formulated in Section 4.
The implications of the investigation and the ways to accelerate the pace
towards a smart city as a useful guide for urban designers are articu-
lated in Section 4.7. Finally, the paper is concluded with possible future
direction in Section 5.

2. Literature review

Retrofitting the existing building has a paramount impact on energy
efficiency, carbon emission reduction, and addressing end-user’s ther-
mal comfort and expenses. The multidimensional aspect of buildings
in cities and communities, ranging from heterogeneous combinations
of size, and architecture to diverse HVAC systems, makes retrofitting
a formidable task [26]. Artificial intelligence, as an emerging trans-
formative solution, empowers decision makers and urban planners to
have reliable and accurate models with much less laborious effort in the
minimum required time [18]. Consequently, the applications of Al in
retrofitting have captured the interest of researchers, and in the litera-
ture, Al-enabled retrofitting has been studied from the perspectives of
energy communities and smart cities, as presented in the following.

Zhao et al. [29] gathered 71 retrofitted buildings in China. They used
distinct features of retrofitting as 1) background information including
the age, the size, and type of the building, proprietorship, and the me-
teorological details, 2) facility information: the insulation situation, and
HVAG, lighting, and piping conditions, 3) and energy and cost portfolio
such as yearly expenditure, and the available budget and the payback pe-
riod. They applied the designed case-based reasoning (CBR) approach in
areal scenario in Shanghai. They found potential matches for fluorescent
LED tubes, automated light systems, glazing, chiller HVAC, insulation of
the roof, HVAC control systems, and valves.

In [30], 429 investigations are reviewed regarding case-based appli-
cations in building retrofit with a multi-criteria decision-making model.
The most commonly used methods were categorized into 4 categories:
Al models, questionnaires, simulation software, and statistical hybrid
algorithms. In general CBR models follow this 5 step cycle: represent,
retrieve, reuse, revise, and retain. The CBR model is not being used
widely in architecture, and what is lacking is the retrieval of optimal
cases. Two types of weight calculation for CBR cycle classification were
recognized: weight factor and non-weight factor computation, and meth-
ods like genetic algorithm (GA), analytic hierarchy process (AHP), and
artificial neural network (ANN) are commonly used for weight coeffi-
cient determination, with AHP being the simplest to integrate. The last
finding regards the accuracy of reference cases in CBR depending on
user input quality and covers both subjective preferences and objective
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architectural information, with changing order significantly impacting
outcomes.

Recently, Liu et al. [31] combined random forest (RF) with case-
based reasoning to obtain a consolidated decision-making approach to
retrofit buildings. The RF is added to the case-based reasoning to support
the revision and retaining step. Their methodology can search through
109 sustainability retrofitted projects. Applying the method to a real case
study shows a 37 % reduction in the end-use intensity and 19,400 kWh of
electricity savings. In another investigation, Johari et al. [18] performed
a retrofitting scenario using calibrated urban building energy modeling.
The case studies are focused on Swedish households. They study the in-
fluence of retrofitting on power flow and power demand. They conclude
that energy retrofitting leads to a 7 % voltage increase in the considered
case studies at maximum.

Choi et al. [32] used hierarchical clustering to rate the energy perfor-
mance of retrofitted buildings. They simplified the energy performance
of buildings using energy signatures, and the sensitivity of cooling and
heating regarding the outdoor conditions. Generally, they classified the
retrofitted scenarios into six groups. The developed method is applied
to the buildings in South Korea. The analysis shows about 73 % energy
signature improvement after retrofitting. Their method can be useful in
evaluating the gross benefits of urban size and large-scale retrofitting
plans.

In [33], a retrofitting strategy is developed to enhance the energy
efficiency of a private city district in Cairo. They considered five case
studies where the youngest building was constructed in 2015 and the
oldest in 2012. The retrofitting measures are applied to walls, apertures,
ceilings, shading, and lighting. The results show an 88.68 % enhance-
ment in energy efficiency in the gated community. Their study shows
significant improvement in energy efficiency in private residential sec-
tors. However, the study needs improvement to automate the retrofitting
measures in residential private enclaves on a large scale. Note that, high-
income family residences in a gated community where applying retrofit
can lead to weighty results [34].

Evaluating the energy efficiency of buildings using physics-based
models on a large scale is a demanding task that requires time for
computation and effort. Artificial intelligence can help the process by
reducing the dimension of computation to have a rapid evaluation of the
energy portfolio for the decision-making process. Zhang et al. [35] com-
bined three methods to automate the retrofitting measures for houses
in Canada: Multi-layer perceptron neural network to identify the sys-
tem, GA for optimization, and multi-criteria decision-making approach
are mixed. The measures applied for retrofitting are regulating the air
leakages, wall insulation, and installing heat pumps.

Having a fast engine to evaluate the energy performance of build-
ings is crucial for retrofitting scenarios consisting of large options.
Seyedzadeh et al. [22] present a methodology to evaluate building en-
ergy performance rapidly. The method has a valuable feature selection
algorithm to identify the influential factors in the building energy and
carbon emission portfolio in non-residential buildings in the UK; 43 fea-
tures have been selected. Three different techniques to develop building
energy performance in urban size were established [36]. The methods
are ensemble machine learning, parametric simulation, and segrega-
tion. Nineteen parameters were used in the model. A large amount of
synthetic datasets about 1 million cases are built. The methodology is
limited by using categorical building types: terraced, detached, semi-
detached, and bungalow in Ireland with default static floor area. The
research is focused on annual energy consumption and did not consider
different schedules such as monthly and seasonal variations.

In [37], a surrogate model is developed to reduce the computation
cost of evaluating energy performance and suggesting retrofit options for
residential buildings in Zurich. The proposed surrogate model is a com-
bination of two machine learning techniques with the inputs of type,
age, floor area, energy carrier, height, and roof slope and orientation of
the building. The computation rate of the simulation is enhanced from
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minutes to microseconds. The methodology presents a useful tool for
large-scale decision-making in retrofit projects. Al-Habaibeh et al. [38]
combined infrared thermography images with neural networks to pro-
vide a method to evaluate retrofitting scenarios using insulation and
combining with solar photovoltaic (PV) panels. The case study is lo-
cated in Nottingham, UK. The neural network shows promising results
with 82 % accuracy.

In [25], machine learning is exploited to gather useful information
for Retrofitting possibilities in the UK, by district socio-economic data
analysis. In this study, they implemented a method of eXtreme Gradient
Boosting to extract building retrofits from the UK EPC data, which can
analyze changes in buildings over time. Then the study explores what as-
pects influenced the retrofit being carried out or not by applying SHapely
Additive exPlanations values as an explainable Al technique for the pre-
vious method. Sharma et al. [39] present different retrofit strategies that
are evaluated with a calibrated simulation approach. The monitored
building is a school in Malaysia and the study focuses heavily on the
validation of the simulation model created.

Three levels of retrofit are then evaluated for envelope upgrade and
compared with the base case aiming to maximize energy consump-
tion reduction. The deepest level of retrofit shows the highest impact
in reducing emissions related to air conditioning. The researchers as-
sumed a 25-30-year project to reflect the life-cycle length of retrofit
steps, demonstrating a positive Net Present Value and payback period
of around 10 years, with a reduction of emissions of around 20 %. In an-
other study, Ma et al. [40] applied four machine learning methods with
a case based on 301 retrofitted buildings. They divided the retrofitting
measures into 2 categories including building envelope and HVAC sys-
tems. XGBoost is the most accurate modeling with a precision of 76 %
and 77 % for HVAC retrofitting and envelope retrofitting, respectively.

Most of the studied work focuses on the way to simulate the
retrofitting without paying attention to the applicability of the locality
or having a model that fully represents the city with the main ingredi-
ents and related operations. Note that by aggregating a simple simulated
building, having a consolidated presentation of a city is challenging.
Buildings’ physics have effects on each other and shading is an important
issue in energy simulation. Physics-based modeling known as white-box
simulations is laborious demanding enough computational capability.

To the best of the author’s knowledge, studies developing machine
learning models using GP to accurately estimate the end-use intensity
of an entire city are extremely rare. The model curbs the challenge of
computation and reveals the EUI of the buildings in different retrofitting
scenarios in seconds, while the same task using a white-box model re-
quires at least more than 15 hours of simulations with utmost processing
unit usage. This model is useful for urban planners and policymakers
to have a reliable rapid estimation of the EUI of a city not only for
retrofitting but also for creating new cities and enhancing urbanization
and smart cities.

3. Proposed Gaussian process-based deep learning model for
retrofitting buildings

This work develops a GPDL model to enhance the prediction of
EUI for optimal decision-making and improved energy efficiency in
retrofitted buildings, as illustrated in Fig. 1. The system model is com-
posed of three main sections. The first section offers an overview of the
entire process, giving a broad understanding of the model’s functional-
ity. The second section, the blueprint, provides an in-depth represen-
tation, detailing the intricacies and structure of the model. The final
section, the output, presents the results associated with each subsec-
tion of the blueprint, highlighting the outcomes and their implications.
The following sections outline the comprehensive methodology of the
proposed data-driven approach for retrofitting buildings. This provides
a holistic perspective for smart city planners, aimed at significantly
enhancing energy efficiency in large-scale retrofitting projects.
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Fig. 1. System model of the proposed Gaussian Process based Deep Learning (GPDL) approach, highlighting the main functional components.

3.1. Problem statement and formulation

Traditional retrofitting methods enhance building performance by
upgrading insulation, windows, and HVAC systems, and improving
lighting and water heating to reduce energy consumption. However, tra-
ditional energy efficiency methods often come with high upfront costs,
lack customization for specific building needs, and do not provide real-
time monitoring to continuously optimize performance [41]. While deep
learning algorithms offer a more cost-effective solution [15], retrofitting
on a large city scale significantly increases computational complexity,
thereby reducing response times and impacting model accuracy.

To enhance the performance of DL in retrofitting buildings, this work
introduces the concept of coupling GP with DL. In the proposed GPDL
model, the GP estimates uncertainty and identifies the most informa-
tive data points [42], thereby reducing training time. Meanwhile, the
DL model captures high-dimensional inputs and extracts features from
larger datasets, accelerating convergence and improving model accu-
racy. In the proposed GPDL model, the target variable is EUI, which is
defined as the total energy consumption (Ep) of a retrofitted building
divided by its total floor area (Ap), as given in Eq. (1). The EUI serves
as a standardized measure for city planners to assess and compare the
energy performance of buildings.

E
EUIp = — €}

where EU I'p represents the EUI of building (B,), Ep, is the total energy,
and Ap : is the total floor area consumption of a building (B, ). The total
floor area of building (B,) is sum of the floors of each stories in the
building. The total energy consumption Ej is a function of the energy
usage from various sources and can be calculated according to Eq. (2).

n T
Ep, = 2 z Eis @)

i=1 t=1

where t = {1),t5,--,T} is the time domain, » is the total number of
energy devices, i is the index of the energy consumption devices such
that i = {Egus poiters Encar pump» =+ » Ex}- The EUT of all the buildings in
the city can be thus computed by aggregating the individual building
energy consumption in the city as presented in Eq. (3).

N
1

total j=1
N

Atotal = Z Aj
j=1

where N is the total number of buildings in the city. A
all buildings floor area.

Following the formulation of the target variable the inputs £ =
{EB] .Ep,,~.Eg, }and A = {ABI,ABZ, -, Ag, }, are determined based
on Egs. (1) and (2) and is linked to the input space (X) through the
function (F), as given in Eq. (4).

EUL;), = y

EUI; X A,
3

roral 15 the sum of

X = F(E,A) 4

where F is a concatenation function for defining the input space. Once
the input space and the target variable are formulated the GP and the
DL functions can be defined based on the input and target variables as
given in Egs. (5) and (6).

6p(x,) = GP(X) (5)
EUTp; = fo(X) (6)

where f, represents the DL model with parameters 6 represents the GP
model, 6;p is the estimated uncertainty of the GP model for the new
variable (x,) and EUT pr is the predicted output of the DL model. To
enhance prediction performance, we introduce a novel hybrid modeling
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Fig. 2. Energy simulation framework integrating backend, middleware, and frontend tools for building and urban energy flow analysis.

approach that synergistically integrates a DL model with the estimated
uncertainty of a GP model, as detailed in Eq. (7). Kernel function
and marginal likelihood concept is used to perform hyperparameter
optimization [43].

EUT = GPDL (f4(X),55p(x,)) )

Once the problem has been defined, the subsequent sections delve
into the modeling of municipal energy buildings, a detailed procedure
for deriving the GP using Gaussian distribution techniques, as well as the
development and implementation of a deep learning model. Moreover,
the pseudocodes (Algorithm 1 and Algorithm 2) for the development of
the proposed model are also presented.

3.2. Modeling of the municipal energy buildings

To develop a 3D model of municipal energy buildings, this study
employs a range of tools and methodologies. Specifically, it leverages
OpenStreetMap (OSM)! for geographic data, integrates master planning
techniques to guide spatial organization, utilizes Grasshopper for para-
metric design, and conducts environmental analysis using Dragonfly
plugins [44]. This approach ensures a comprehensive and detailed repre-
sentation of energy buildings at the municipal level, incorporating both
spatial and environmental considerations.

3.2.1. Construction of geographic building

To establish a 3D construct of the building, we utilize URBANO,? an
OSM tool, that creates a free, and editable map of the world. The OSM
platform enables the users to post and manage geographic data, such as
roads, trails, cafés, and railway stations. The posting of data can be per-
formed through global positioning system (GPS) devices, aerial images,
and other free information sources, where the data are compiled in a cen-
tralized accessible database. Consequently, the platform provides freely
accessible information for a wide range of creative applications in mo-
bile navigation, technological city planning, and the environment. The
dimensions for residential and amenity buildings are calculated follow-
ing the various Irish building dimensions [45]. The building consists of
houses, detached houses, semi-detached houses, terraced houses, apart-
ments, and bungalows amongst other general dwellings. The facility
subsystems under the structural division are considered to be the roof,
wall, window, and entrance [36].

These different inputs are passed to the OSM application program-
ming interface (API) for creating a wide range of residential buildings,

1 https://www.openstreetmap.org/.
2 https://www.urbano.io/.

schools, hospitals, public drinking places, and shopping facilities. The
master planning data are fed into Dragonfly plugins® to evaluate energy
consumption and identify opportunities for energy efficiency improve-
ments, utilizing the Grasshopper* to evaluate the aggregated annual
EUI The development of the building structure and the HVAC system is
presented in the subsequent sections.

Fig. 2° presents the energy flow diagram used in this manuscript.
EnergyPlus® and URBANopt’ serve as the core backends for energy
simulation. EnergyPlus handles building-level energy flow simulations,
leveraging its extensive libraries and modules. URBANopt, built on top
of EnergyPlus, extends its capabilities to provide solutions at the urban
scale. These tools are integrated via Rhinoceros and Grasshopper plug-
ins, which act as middleware within the LadyBug Tools suite. LadyBug
Tools offers a user-friendly, frontend interface for advanced build-
ing energy simulation software. For building geometries, URBANO, an
open-source API compatible with Grasshopper, is employed to generate
urban-scale geometries. Climatic data are freely available from various
sources, including EnergyPlus and LadyBug Tools. By combining these
software tools and resources, energy flows at both the urban area and
community building levels can be effectively analyzed and simulated.

3.2.2. Building envelope structure

The National Standards Authority of Ireland (NSAI) provides a range
of standards related to building construction, including wall construc-
tion to ensure that building practices comply with safety, durability, and
environmental performance requirements [46]. The relevant standards
for wall construction in Ireland typically include the Irish Standard (L.S.)
325 code of practice for use of masonry [47], 1.S. EN 1996 (Eurocode
6) for design of masonry structures [48], I.S. 440 for concrete construc-
tion [49], 1.S. 189 for the structural use of concrete [50], I.S. 401 for
the timber frame construction [51], and I.S. EN 1365 for fire resistance
tests [52].

The LS. 325 covers the design, materials, and workmanship for con-
structing masonry walls, load bearing, and non-load bearing walls [47].
The LS. EN 1996 (Eurocode 6) focuses on the design of the masonry
structure and consists of different sub-codes including I.S. EN 1996-
1-1 that provides general guidelines for reinforced and unreinforced
masonry structures, the I.S. EN 1996-1-2 that presents guidelines for

3 https://github.com/ladybug-tools/lbt-grasshopper-samples/tree/master/
samples/dragonfly.

4 https://www.rhino3d.com/.

5 https://github.com/BehnamMohseniGharyehsafa/
buildingCommunityEnergyFlowSimulation.

© https://energyplus.net/.

7 https://github.com/urbanopt/urbanopt-cli.
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Table 1
Summary of the building envelope standards, Irish standards (I.S.) codes, and
their applications.

Standards and codes Application

1.S. 325 [47]
1.S EN 1996 (Eurocode 6) [48]
1.S. EN 1996-1-1 [48]

Masonry wall construction

Design and structural guidance for masonry
Masonry wall structural and reinforcement
design

Fire safety for masonry walls

Material section and construction methods for

1.S. EN 1996-1-2 [48]
1.S. EN 1996-2 [48]

masonry

L.S. 440 [49] Concrete wall construction design and
execution

1.S. 189 [50] Structural concrete elements in walls

1.S. 401 [51] Timber frame wall construction

1.S. EN 1365 [52] Fire resistance evaluation of walls

Building Inner space
Plaster (Inside)
Insulation
Concrete
opIsSINO

Fig. 3. Typical Irish wall structure for building envelope [53].

the structural fire design to ensure that the masonry walls comply
with fire resistance requirements, and the 1.S. EN 1996-2 that pro-
vides guidelines for the selection of materials and execution of masonry,
resulting in covering the specification of materials and construction
methods [48].

The LS. 440 is relevant to the wall constructions involving concrete
materials in the walls and thereby highlights the guidelines for proper
design, materials, and workmanship in the concrete construction of the
walls [49]. Additionally, the I.S. 189 code of practice for the structural
use provides guidelines for the elements essentials for the concrete [50].
The 1.S. 401 and L.S. EN 1365 codes of practice offer essential guidelines
for the design, materials, and construction of timber-framed walls [51],
as well as for determining the fire resistance of load-bearing walls [52].
Table 1 summarizes the LS. standards and their applications.

Following the NSAI code of practice, we categorize the building wall
constructions into four templates and this is presented in Fig. 3 [53]. The
first and second categories consist of utilizing the plaster at the inside,
bricks, insulation layer, and then plaster at the outside [54]. The third

Table 2
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category is made of plaster (inside), cavity blocks, insulation layer, and
plaster (outside), while the fourth category consists of plaster on the in-
side, the bricks, insulation layer, bricks, and then plaster on the outside.
Since it was estimated that about 44 % of wall constructions in Ireland
fall under the first category configuration [55], this work mainly inves-
tigates and considers this configuration as the foundation. A detailed
configuration of the Irish wall materials based on the NSAI standards
and various codes of practice is thus provided in the subsequent Table 2.

3.2.3. Heating, ventilation, and air conditioning system

In compliance with the NSAI standards for building and wall con-
struction materials and configurations, this section presents a detailed
configuration of the HVAC systems utilized in most of the Irish buildings.
The developed HVAC system setup consists of three different config-
urations, including the gas boiler system, electric heater system, and
the air-source-heat pump system in typical residential and commercial
buildings of Ireland, as shown in Fig. 4 [56].

3.3. Establishment of Gaussian process for estimating the uncertainties

Gaussian process, inspired by Gaussian distribution, is a non-
parametric data modeling technique employing a probabilistic approach
for learning complex patterns [42]. The main difference between the
Gaussian process and Gaussian distribution is that Gaussian distribution
is applied to a vector of inputs and the observations, while the Gaussian
process is applied to functions. This section presents the Gaussian
process used in the current study to provide an estimation of the un-
certainties associated with the model predicting the EUI for retrofitted
buildings.

A Gaussian process is defined as a function (f), employing a Gaussian
distribution of input vectors with the observations where for each new
random variable, the output of the Gaussian process is the expected
mean and the covariance of the new random independent variable. The
mean (u) of the random variable (x) is computed through the expecta-
tion of the x, as presented in Eq. (8). Likewise, the covariance (k) is the
function of the two points x and x’ of the random variable as presented
in Eq. (9). Following Egs. (8) and (9), we define the Gaussian process f,
as presented in Eq. (10).

u(x) = E[f(x)] (8
k(x,x") = E[(f(x) = p()(f(x") = u(x"))] 9
f(x) = GP(m(x), k(x,x")) (10)

where E is the expectation of the random variable x. In most cases, for
the sake of simplicity, the mean of the Gaussian process is assumed
to be zero [57], leading to a joint normal distribution of covariance
around the new random variable. We are interested in capturing the
mean estimation of the new observation (e.g., new random variable).
Assuming the input vectors x = {x,x,,,x,} with the observations
vector f(x) = {f(x)),f(xp), -, f(x,)}, the mean of observation for

Characterization of the Irish building wall materials based on the National Standards Authority of Ireland (NSAI) [46].

Concrete block wall Wall insulation

Characteristics Plaster board — 3/8 inch (Inner and Outer)
Thickness [m] 0.0095

Thermal conductivity [W/m-K] 0.57

Density [kg/m3] 800

Specific heat [J/kg-K] 1089.29

Roughness MediumSmooth

Thermal absorptance 0.9

Solar absorptance 0.7

Visible absorptance 0.7

0.2032 0.0337

0.71 0.04

800 91

831.46 836.46
MediumSmooth MediumSmooth
0.9 0.9

0.7 0.7

0.7 0.7
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Fig. 4. A representation of the heating, ventilation, and air conditioning (HVAC)
systems, highlighted different configurations for the gas (gas boiler and domestic
hot water (DHW) system), electric (electric heater and electric DHW system),
and heat pump (air-source heat pump (HP) and DHW system) settings.

a new vector of random variables x, = {xi,xi, -+, x™M} is estimated
through Eq. (11) [58].

f(x1)

f(xm) _ K(x, x) K(x, x*)

Feaebhl™ N <O’ [IC(x*, x)  K(x,, x*)]) an
S

where K represents the kernel function, which is used to calculate the
covariance of the vector of new independent variables. In our work, we
utilized radial basis function (RBF) as of the kernel in Eq. (12) [59].

/ llx = X'
K(x,x") =exp <_T> (12)
where / shows the spread of the kernel. To fine-tune all the hyperparam-
eters, the log marginal likelihood function is used to find the optimum
value of the parameters for the most suitable training. In the Gaussian
process, the marginal likelihood function is the likelihood of the obser-
vation in the training (i.e., prior) phase of the Gaussian process. Given
that the marginal likelihood has a small value, therefore logarithm of
this function is used as presented in Eq. (13) [43,60].

log p(Y | X, 8) = —%YTIC‘IY - %log K| - glog 27 13)

where Y is the vector of the training observations, X is the train-
ing independent vector, 0 represents the kernel hyperparameters, and
n is the number of the training instances. In Eq. (13), the first

term (—%YTIC*IY) shows the gain for the fitting, while the second
(—% log | |) term shows the penalty for the overfitting. The last term

(—g log Zn) represents a constant normalization function. Considering

the maximization of the log marginal likelihood, the optimum hyperpa-
rameter (e.g., optimal variances, noise level, bandwidth level, etc.) that
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represents the pattern of the data can be obtained. Consequently, the
mean function (f(x,)) and the covariance function (Cov(f(x,))) of the
new random variables can be computed according to Eq. (14).

{f(x*) = K(x,, K (x, %) £ (x) an

Cov(f(x,)) = K(x,,x,) = K(x,., )K" (x, X)K(x, x,.)

where K(x,,x) is the kernel covariance of the new variable with the
previous, KX~!(x, x) is the inverse of the kernel covariance of previous
variables, K(x,, x,) is the kernel covariance of the new variables, and
K(x,x,) is the kernel covariance of the previous input data with the
new random variables. Following the mean and covariance functions of
the new variable x,, the uncertainty estimation discussed in Eq. (5), is
computed based on the input data X, as presented in Eq. (15).

Gapx) = kxx,) = kG, KX XD k(X x,) (15)

The uncertainty estimated in Eqgs. (5) and (15) and the EUI DL
computed through Eq. (6) are coupled through the developed GPDL
discussed in Eq. (7) to evaluate the EUI.

3.4. Calculation of the primary energy sources for energy community

The specific primary energy sources (SPES) are the naturally occur-
ring forms of resources (e.g., coal, crude oil, natural gas, solar, wind,
biomass, geothermal, etc.), which are used to generate electricity, heat,
or/and other forms of energy for human use [61]. Therefore, these en-
ergy sources are usually considered the starting point of the energy
supply chain [62]. The SPES consumption is a fundamental element
used to determine the energy costs for end-user consumption [63].
However, there are marginal cost factors (e.g., extraction difficulty, the
efficiency of energy conversion, market fluctuations, and environmental
regulations) that contribute to the final cost of energy for the end-user
community [64], as presented in Fig. 5.

The figure portrays that the final energy is the energy available to
consumers (e.g., gas at the burner tip or the electric energy obtained
from plugs) with the marginal cost of losses occurring during transmis-
sion line constraints and step-up and step-down processes, resulting in
influencing the final cost factor. This implies that SPES consumption is
directly associated with the final energy costs meaning that the higher
the SPES, the more the energy community has to bear the cost of their
consumption. Consequently, determining the SPES consumption for the
end-user energy community that results in reducing the final cost of elec-
tricity, heating, and transportation, is one of the fundamental goals of
energy policymakers. To determine the SPES consumption and its im-
plications on the energy cost for the end-user energy community, we
define the PEF as the ratio of the SPES consumption to the EUI estimated
through the GPDL, as presented in Eq. (16). This establishment aims to
support the energy sector and policymakers in accurately determining
the SPES consumption for each of the SPES and allocating specific SPES
such as some of the user’s energy being fed through natural sources (e.g.,
natural gas), while others may be suitable to be connected to the RESs,
and thereby support the lowering of the overall energy cost.

PEF = SPEScunsumpn'on (16)
EUI

The PEF indicates the consumption of the SPES such as a PEF > 1.
This means that more energy is consumed due to the inefficiency of
the conversion process, losses, and an inefficient energy supply chain
that provides the final energy; resulting in a higher energy cost for the
end-user energy community. The PEF offers a comprehensive scale by
considering the upstream and downstream energy losses and the en-
ergy footprint of an energy carrier, from the SPES to end-use energy
community applications. In several countries including the Republic of
Ireland (ROI), the PEF is used in practice for energy rating certificates
and building codes to provide an equitable comparison for the energy
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Fig. 5. An illustration of the energy cost for the end-user energy community, highlighting the generation and marginal cost factors contributing to the final energy

cost.

Table 3
Characterization of the Primary Energy Factor (PEF) for various renewable and non-renewable energy sources [65].
Fuel type Fuel utilized PEF Total PEF
Renewable  Non-Renewable
Main Gas 0 1.1 1.1
Gas Bulk LPG (propane or butane) 0 1.1 1.1
Bottled LPG 0 1.1 1.1
Heating oil 0 1.1 1.1
Oil Biodiesel from renewable sources only 1 0.3 1.3
Bioethanol from renewable sources only 1 0.34 1.34
House coal 0 1.1 1.1
Anthracite 0 1.1 1.1
Manufactured smokeless fuel 0 1.2 1.2
Peat briquettes 0 1.1 1.1
. Sod peat 0 0.1 0.1
lid Fuel
Solid Fue Wood logs 1 0.1 1.1
Wood pellets - in bags, for secondary heating 1 0.1 1.1
Wood pellets — bulk supply, for main heating 1 0.1 1.1
Wood chips 1 0.1 1.1
Solid multi-fuel 0 1.1 1.1
District Heating Schemes Heat from boilers — waste combustion 0 1.1 1.1
J Heat from boilers — waste combustion 0 1.05 1.05

carriers used to run the heating and cooling in buildings and is therefore
predefined as provided in Table 3.

This implies that for the given predefined PEF (i.e., Table 3) for a
fair comparison among the various SPES consumption, the estimation
of the EUI plays a crucial role for the energy sector and policymakers to
identify and allocate the most suitable SPESs to the energy communities
that result in lowering the marginal costs. Therefore, our contribution of
accurately estimating the EUI based on the GPDL has a critical role for
the energy sectors and the policymakers. Given electricity and gas as the
two dominant SPES in Ireland, their total energy consumption including
the marginal energy can be calculated according to Eq. (17).

SPES = EUI x PEF, fors={E,G,, 0} a7

consumption

where s represents the SPES such that E is electricity, G is the gas source,
and O is the other sources (i.e., peat, biomass, RESs, etc.).

In order to compute the energy consumption, in the subsequent
section we estimate the EUI based on the developed GPDL and present
the overall process in the pseudocode of the proposed approach.

3.5. Pseudocode of the proposed GPDL

The proposed GPDL is developed through a modular approach and
is presented in Algorithms 1 and 2. The main Algorithm starts 1 and
utilizes the services of Algorithm 2 by performing the following main
steps.

Step 1. Initialize the loop control variables (i = 1, j = 1), and 7 = 1,
such that i, j, and 7 represent the indices for the building, the number
of energy devices, and the time, respectively;

Step 2. For each of the ith buildings, iterate through all of their energy
devices (j). Likewise, for each of the jth energy devices, get their
energy consumption at the time step () and aggregate the energy
utilization in the time domain, considering the energy consumption
in the previous time step (¢ — 1) and the consumption in the current
time step (¢), following Eq. (2). Save their energy utilization in the
history variable for energy consumption (E},). Check the time against
the maximum time (7') for each of the jth devices and repeat until
the maximum time for all the energy devices (n);

Step 3. Get the area (Aj) for each of the buildings and calculate the
end-use-intensity (EU I j) for each of the buildings following Egs. (1)
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Algorithm 1 Main Algorithm for acquiring the specific primary en-
ergy source (SPES) consumptions based on the end use intensity (EUI)
estimation.

1: Initialize system parameters
2: for (i=1to N) do

3: while (r < T) do

> Iterate through each building

4 Temp, < E,

5: Temp, <« E,_;

6: for (j < n) do > Iterate through energy device
7: if (Temp,! = 0 && Temp,! = 0) then

8: E; < Temp; + Temp,

9: Tempy < A;

10: E, < E

11: EUL; « g > Calculate the EUT
12: EUI, « EUI,

13: Aj, < Temp;

14: end if

15: jej+1

16: end for

17: t—t+1

18: Temp; < 0

19: Temp, < 0

20: end while

21: i—i+l

22: Temp; < 0

23: end for

24: EUI « GPDL(E,, A,, EUI,) & Call algorithm 2

: while (s < .5) do

PES, « EUI x PEF,
s—s+1

: end while

: Print the results

> Calculate PES consumption

and (3). Save the calculated EUI; and the A; for the jth building
into their corresponding historical variables EU I, and A, and iterate
through each of the buildings until all the N buildings in the smart
city;

Step 4. Call Algorithm 2 by passing the energy, building area, and end-
user-intensity parameters. Algorithm 2 optimizes predictions of EUI
through the process of the GPDL framework by following these main
steps:

4.1. Perform the initialization of the system parameters, includ-
ing the input, output, and loop control variables, and prepare
the input feature matrix (X) and target variable (Y), such
that the matrix x consists of energy consumption and the
building area characteristics, while the output is considered
to be the end-user-intensity. Consequently, split the dataset
into the train-test datasets with 80 % and 20 %, respectively;
Characterize the kernel by initializing a range of length
scales and noise level hyperparameters for tuning the
Gaussian Process model. Consequently, for each hyperpa-
rameter, construct a combined kernel using the constant
kernel (Ck), radial basis function (RBF), and white kernel
(W) to capture both the smooth and noisy variations in the
data points;

Initialize the GPR model with the constructed kernel to iden-
tify the uncertain data points, predict the target variable by
training the dataset, and calculate the prediction accuracy
(RMSE). Subsequently, depending on the RMSE iteratively
performs hyperparameter tuning to identify the uncertain
data point and thereby find the optimal kernel parameters.

4.2.

4.3.

10
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If there is an improvement in lowering the RMSE, store it as
the best kernel parameter;

Initialize the DL with the optimal kernel obtained through
the GPR resulting in the GPDL model. Predict the EUI
based on the developed GPDL model, compute the RMSE,
and return the optimized prediction and its corresponding
accuracy (RMSE) to the main Algorithm 1.

4.4.

Step 5. Iterate through each of the primary energy sources and com-
pute the SPES consumption based on the estimated EUI and the given
PEF;

Step 6. Print the corresponding results and exit the algorithm.

4. Simulation setup and results discussion
4.1. Description of the mullingar case study

The proposed GPDL model is tested on a case study conducted in
Mullingar City, a town in County Westmeath, Ireland. The population
of Mullingar City is more than 22,000 with an elevation level of 101
meters according to the 2022 [66] survey. The case study considers
a total of 6076 buildings consisting of a wide range of mixed build-
ing types from Mullingar City and the suburban areas. The perspective
geographical view of Mullingar is shown in Fig. 6. A characterization
of the operations of the various building types including residential,
commercial, industrial, public & government, religious, recreational &
entertainment, transportation & infrastructure, cultural & historical, and
specialty, along with the number of constructions and the gross floor
area, is tabulated in Table 4.

4.2. Simulation setup

The proposed GPDL model is developed by leveraging a feedforward
neural network (FNN) in Python 3.12.1, running on a system with a 13th
Gen Intel (R) Core (TM) i9-13900, 24 logical cores, 64 GB of RAM with
a speed of 4400 MHz, and 40 GB of Cached. A detail of the simulation
environment is presented in Table 5.

4.3. Performance evaluation criteria

To ensure the credibility of the proposed GPDL model, several dif-
ferent performance criteria are utilized including error analysis, bias
detection, model fit, model complexity and selection, residual assess-
ments, uncertainty, predictive distribution, benchmarking, and relative
performance. The performance analysis criteria are based on various
performance metrics and are presented in the subsequent subsections.

4.3.1. Error analysis

The error analysis incorporates performance metrics that analyze the
model’s performance by evaluating the difference between the true val-
ues and the predicted values for each of the data points. The results
highlight that a minimum and larger difference represents the model’s
ability and inability to understand the data pattern. Consequently, the
error analysis utilizes the following performance metrics.

1. Mean Squared Error: The mean squared error (MSE) evaluates the
average squared difference between the actual and predicted data
points and quantifies that a lower value of the MSE indicates that
the model predictions are closer to the actual data points, while a
higher MSE showcases a larger margin between the two data points
and is thus regarded as poor performance of the model, as pre-
sented in Eq. (18). A variation of the MSE is the root mean squared
error (RMSE) that takes the square root of the MSE to make the
units compatible with the corresponding target variable for analyz-
ing the model performance in more interpretable, real-world terms,
as presented in Eq. (19) [67].
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Algorithm 2 GPDL (E,, A, EUI})
Inputs: E,,A,, EUI,
Output: Optimized predicted (EU I), Prediction accuracy (RM SE)

1: Initialize all the system parameters
2: X « [Ep, Ayl > Prepare feature matrix
3: Y < EUI, > Prepare target values
4t Xirain> Xiests Yirains Yiest < train_test_split(X, Y, test_size = 0.2) o> Split the dataset
5: L. < linspace(0.1,2.0, 10) > Initialize kernel length scales
6: Nieyers < logspace(=3,0, 10) > Initialize noise levels
7t RMSE pjaeq < 0 > Initialize best RMSE
8: for each / in L, do > Optimize kernel’s hyperparameters
9: for each n in Ny, do > Define combined kernel
10: C, < C(1.0,(1e-3, 1e3))
11: RBF, < RBF(length_scale = I)
12: W, < WhiteKernel(njo,e) = 1, Hjeyel bounds = (1€-3, 1el))
13: kernel < C; X RBF;, + W), B > Combine kernel parameters for optimization
14: G Pgy; < GPR(kernel, optimizer) > Initialize GPR model for EUI
15: EUI « G Peyi(X ain Yerain) > Train the model
16: RM S Egy; < \/MSE(Y,,;,, EUL) & Calculate RMSE for EUI
17: if RM S Egy; < RM SE 4,4 then > Update the best RMSE
18: RM SE piea < RM S Epyy
19: best_kernel _eui < kernel
20: GPDLgy < GP(best_kernel_eui, optimizer) > Optimized GPR model
21: E/ﬁlupdated — GPDLgy(Xains Yirain) > Train the optimized hybrid model following Eq. (7)
22 RMSEgy, ., < \/MSE(K,am,EUIupdmd)

—

. Return (EUI

N
w

RM S Egyy; > Return the results
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Fig. 6. A representation of the Mullingar aerial view and building information modeling.
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The Coefficient of Variation of RMSE (CV-RMSE) and the Relative
Root Mean Squared Error (R-RMSE) are versions of the normalized 2. Mean Absolute Error: The Mean Absolute Error (MAE) represents
variations of the RMSE [68]. The CV-RMSE measures the normal- a measurement of the average absolute difference between the
ized mean of the observed data, as presented in Eq. (20) [69], while predicted data points and the actual data points as presented in
the R-RMSE variant is normalized by a reference range and the stan- Eq. (22) [71]. The MAE is more robust to outliers compared to the
dard deviation associated with the true data points, as presented in MSE and RMSE as in the latter two cases squaring the errors means
Eq. (21) [70]. Both the CV-RMSE and R-RMSE variants are repre- that larger errors have a disproportionately larger impact on the final
sented as percentages, highlighting that larger values indicate poor error outcome [72].
performance while smaller values indicate better performance of the

1y R
model. MAE =~ X1y = 3] (22)

i=1
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Table 4
A characterization of buildings information classified by the building types for the Mullingar case study.

Building type Building name Number of constructions Total gross floor area [m?]
Bank 3 2493.75
Beauty saloon 1 37.79
Bicycle store 1 145.92
Bookmaker store 1 124.85
Book store 1 696.13
Café 3 440.23
Car part store 1 2591.13
Car rental 1 259.04
Car store 4 2650.85

Commercial Clothes store 4 523.39
Convenience store 1 309.06
Florist 1 74.46
Hardware store 2 1031.94
Insurance office 2 346.04
Jewelry store 2 150.78
Optician store 1 229.59
Restaurant 2 284.25
Supermarket store 7 12804.09
Variety store 1 2043.4
Community center 2 4082.16
Courthouse 1 1906.96
Governmental 1 1472.65
Library 2 3274.04
Police station 1 1945.19
Post office 1 972.6
Public toilet 2 106.3

Public and government Townhall 1 1517.27
Clinic 1 510.58
Dentistry 2 207.6
Kindergarten 1 433.56
Outpatient 2 1219.0
Pharmacy 2 798.6
School 1 852.26
Art center 1 3225.29
Cinema 1 3910.85

Recreational and entertainment Nightclub 1 678.61
Pub 8 1731.83

Transportation and infrastructure Gas station 1 477.15

Specialty Mortuary 1 478.41

Religious Place of worship 5 5572.98

Residential Residential buildings 5997 2.5263e+6

Table 5
A summary of the configuration parameters for deep retrofitting.
Category Parameters name Configuration details
GPU NVIDIA® T1000 8GB GDDR6 50.0 W Bus 128 bits Micron®
Intel® UHD Graphics 770 Raptor Lake GT 10 nm
Hardware CPU 13th Gen Intel® Core(TM) i9-13900 2.00 GHz
Memory (RAM) 64 GB DDR5
Storage 8 TB SSD
Python 3.12.1
EnergyPlus 23.2
Software OpenStudio 3.7
Ladybug Tools 1.84
URBANopt 0.12.0
Platform Operating System Windows

The Mean Absolute Percentage Error (MAPE) and Symmetric ; .
MAPE (S-MAPE) are variations of the MAE [73]. The MAPE mea- S-MAPE = 1 =3l 00 24)
sures the absolute percentage error between the predicted and actual n S (vl +191) /2
data points, as presented in Eq. (23) [74]. The S-MAPE measures the
asymmetry between the overestimates and underestimates due to the
bias caused by larger errors due to the limited actual data points, as
presented in Eq. (24) [75].

4.3.2. Bias detection

Bias is a systematic distortion error introduced by deep learning mod-
els during their training process while approximating the dependent
variables. This can lead to unfair decision-making, commonly referred
to as model over or under predictions. To identify the model bias, the
mean bias error (MBE) is utilized, which measures the average bias in

—y"_y"|><100 (23)

n

1

MAPE = -
n Z Vi

i=1
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the regression model and quantifies whether the model is overpredicting
or underpredicting as presented in Eq. (25) [76].

(RPN
MBE = ,-;(yi -3 (25)

The MBE criteria provide a tool to understand the direction of the
error, providing a consolidated diagnosis of overestimation and underes-
timation of the model to enhance the model’s precision. A positive value
of MBE shows that the model is overpredicting the results, the negative
sign shows that regression is underpredicting, and the zero value shows
a neutral unbiased system [77].

4.3.3. Model fitting

Model fitting is a criterion that refers to the relationship between the
input features (independent variables) and the output feature (depen-
dent variable) [78]. A closer fit means a well-established relation leading
to an output closer to the true features. There are several performance
metrics that provide model-fitting measurements, such as R-squared
score and index of agreement, which are presented below.

1. R-Squared Score: The R?> score measures the variation of the de-
pendent variables from the independent variables. The criterion is
established by subtracting the sum of squares of residuals from the
total sum of squares with the unit, as presented in Eq. (26) [79].
The value of R? close to the unit indicates that a large proportion of
the variance of the results is well-explained by the model, an R? value
close to zero implies a poor prediction performance of the model.

A modified version of the R? that considers penalty factor for
the added variables that do not enhance the model notably; usually
leading the model to be overfitted, as presented in Eq. (27) [80]. This
criterion is useful for the models with numerous predictors and aims
to have a model with strength in explanatory power while keeping
the complexity as low as possible.

R =1— I:Z:‘_l i - j)i)2:| (26)
Z;’:] (y, - .)7)2
— RY(n —
Adjusted R? = 1 — [%] 27)

The denominator (n — p — 1) penalizes the adjusted R? for the
number of predictors, with » being the total number of observations
and p being the independent variables (predictors) included in the
model.

2. Index of Agreement: The Index of Agreement (d,) evaluates the per-
formance of the predictive model by assessing both the magnitude
and the direction of the error to determine how well the predicted
value from the regression model matches with the observed value as
presented in Eq. (28) [81].

d=1- Z?:l ;= }A’,’)2 28)
=
Yy =9l + 1y - )?

Given the complex nature of building mechanical and thermo-
dynamic architectural points, capturing the energy flow inside the
building requires a careful understanding of the interaction between
multiple diverse factors. Consequently, the index of agreement plays
a crucial role in measuring the ability of the complex energy pattern.

4.3.4. Model complexity

The number of parameters and their corresponding relationships con-
tribute to the complexity of the model and serve as evaluation criteria
for the model’s generalization. A highly complex model may meet the
model fitting criterion during the training process; however, there is a
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risk of performance degradation on unseen datasets. Therefore, a well-
developed model should strike a balance between complexity for both
training and generalization purposes. To measure model complexity we
use the Akaike information criterion (AIC) and Bayesian information
criterion (BIC) mechanisms [82].

The AIC measures the number of parameters and their maximum
likelihood for balancing goodness of fit and model complexity by penal-
izing models that use more parameters to avoid overfitting, as presented
in Eq. (29) [83]. Likewise, the BIC also focuses on the balance between
goodness and model complexity; however, it penalizes the complexity
more heavily to avoid overfitting, as presented in Eq. (30) [84].

AIC =2 (k' —In(L)) (29)

BIC = K’ x In(n) — 2In(L) (30)
where k' is the number of parameters and L is the maximum likelihood
of the model.

4.3.5. Residuals assessments

To assess the performance and validity of regression models, the
assessment of the important evaluation criteria is crucial. Residuals rep-
resent the differences between the observed and predicted data points. If
residuals exhibit a pattern, it indicates that the model is failing to capture
the estimated relationship between the variables. On another note, if the
distribution of the residuals varies with the predicted data points instead
of having a constant variance, it results in heteroscedasticity [85].

Residuals assessment can be analyzed through the Shapiro-Wilk
test and p-value to evaluate the normality of the residuals and the
Quantile-Quantile (Q-Q) plot to qualitatively analyze the distribution of
the residuals and further assess their normality [86]. The Shapiro-Wilk
Test determines whether the residuals from a model follow a normal dis-
tribution based on the number of observations and their corresponding
sample mean, as presented in Eq. (31).

[EBLI@XUJZ

W= =
2?:1 (x; = x)

(31)

where x is the number of the observations, x; is the i-th observation in
the sample, X is the sample mean, x;) is the order statistics from smallest
to largest, and «; is the weight obtained from the expected value of the
observations, standard normal distribution, and the covariance matrix.
When the value of W is close to 1, the sample data seem to be normally
distributed, and when the value of W is notably smaller than 1, this
indicates that the data are not normally distributed.

The p-value helps to interpret the results of the Shapiro-Wilk test
indicating whether to reject the assumption of normality [86]. A high
p-value (p-value > 0.05) indicates that there is no significant evidence
against the normality of residuals, leading to the consideration of resid-
ual normality. On the other hand, a low p-value (p-value < 0.05)
indicates that the residuals deviate significantly from a normal distri-
bution. The Q-Q plot is a graphical tool that plots the percentiles of the
experimental observations against the theoretical percentiles of a nor-
mal distribution to determine whether the sample of the dataset has a
normal distribution or not, as presented in Eq. (32) [87].

i—0.5]
n

Q=0"] (32)
where Q; is the theoretical percentile, i is the rank of the data, » is the
number of observations, and ®~! is the standard normal Cumulative
Distribution Function (CDF) inverse.

4.3.6. Uncertainty handling
The uncertainty in the model arises from the variability in data, mea-
surements, or parameters, restricting the model from making informed
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End Use Intensity (EUI) by Different HVAC Systems

100 Seasons
EEE Winter
W Spring

. N Summer
BN Autumn

EUI [kWh/m?]
3 =

5]
S

HP and DHW

Full electric

Gas boiler and DHW

Fig. 7. Site end-use intensity comparison between different system configuration in the same envelope conditions for cold regions.

decisions. The predictive models are usually prone to aleatoric and epis-
temic uncertainties, such that the aleatoric uncertainty defines what
exhibits from the variability and noise that exist in the dataset, while
the epistemic uncertainty is related to the limited knowledge and pa-
rameters of the model. Two distinct criteria for this credibility angle are
used, including prediction interval normalized average width (PINAW)
and negative log predictive density (NLPD).

1. Prediction Interval Normalized Average Width: Prediction interval nor-
malized average width [88] is the normalization of the average width
of the prediction by the range of the true data, as presented in
Eq. (33). A low PINAW shows the prediction intervals are around the
true values, indicating predictions with low levels of uncertainty. A
high value of PINAW indicates that the model performance is low.

Z;':l (U pper; — Lower;)
n X (max(y;) — min(y;))

PINAW = (33)

. Negative Log Predictive Density: Negative log predictive density
(NLPD) is a criterion to evaluate probabilistic models using both the
prediction and the associated uncertainty [89]. A low NLPD indi-
cates a model with high probability density and high accuracy, while,
high values of NLPD report on the poor performance of the model,
as presented in Eq. (34). This evaluation criterion is useful for the
models that represent a full predictive distribution by combining the
magnitude of the error and the uncertainty.

;= 9)*

= 34)
O

1 n
NLPD=;Z<

1
+5 ln(27wi2)>

4.3.7. Relative performance

Comparing a model with benchmarks, like simple naive models, can
give a relative comparison of the true added value of using a model com-
pared with a reference one. The criterion used to do this assessment is
Theil’s inequality coefficient (U-statistic) [90]. Theil’s inequality coeffi-
cient is a relative measure that compares the RMSE of the model to the
RMSE of a naive model, the model that reveals the mean of the actual
values, as presented in Eq. (35). A U-statistic close to zero indicates that
the model has higher performance compared with the simple naive one,
while the U-statistic close to one shows that the usefulness and practi-
cality of the model is under question and the performance is similar to
the model that shows the mean of the values.

Vi T Gi=y)?

U=
1 no a2 1 n 2
\/; Zi=1 Vi + \/; Zi:l Yi

(35)
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4.4. Results discussion

4.4.1. Site end-use intensity

Three different HVAC systems, which are typical for the locality, are
considered in this investigation. The systems are full electric space heat-
ing and domestic hot water, gas boiler and domestic hot water, and heat
pump backed by domestic hot water. In the same envelope condition
according to the cold climate conditions [91], the HVAC systems show
different EUI results. The highest consumption is performed by gas boiler
and DHW and the lowest is for the heat pump.

By changing the HVAC system of Mullingar City from a gas boiler
to a heat pump, the EUI of the entire city decreases by 52.4 %. A fully
electric HVAC system shares about 229.125 kWh/m2, and by changing
the electric system to a heat pump, the city can save 39.2 % kWh en-
ergy by each square meter. Fig. 7 shows the difference between using
a distinct HVAC system in Mullingar. According to Table 6, the system
with a heat pump and gas boiler indicates the highest energy efficiency
compared to the other systems for all the buildings in Mullingar, which
is mostly because of the high efficiency of the heat pumps. This could be
enhanced by integrating more renewable energy to feed the power grid.

4.4.2. Primary energy usage comparison

To compare different energy consumption scenarios, the source of
the energy used should be equal to convey a fair and comprehensive
analysis. This is more crucial for strategic policies impacting influential
parameters on large scales like energy consumption and deep retrofit on
community and urban scales. One of the criteria for making this compar-
ison is the PEF. Primary energy indicates the energy found in a substance
in nature that has not been processed by human activities, such as crude
oil, coal, natural gas, solar, and wind. Final energy is the energy avail-
able to consumers after all the conversion, transmission, and losses, like
the gas at the burner tip or the electric energy obtained from plugs.

The PEF offers a comprehensive scale by considering the upstream
energy lost and the energy footprint of an energy carrier, from the
source in nature to the end-use application. Various countries, including
Ireland, employed the PEF to the energy rating certificates and building
codes to have an equitable comparison for the energy carriers used to run
the heating and cooling in buildings. To have a comparison between gas
and electricity, two dominant sources of final energy for the end-users,
electricity poses high PEF because of all the conversion from thermal to
electricity regarding the associated losses.

In contrast, natural gas has a lighter upstream loss, resulting in lower
PEF. The PEF factors for countries are different, related to the sources
they used to supply the electricity grid. According to the reports [92,93],
the PEF considering all the imports and exports in Ireland for electricity
and natural gas is 1.75 and 1.1, respectively. Eq. (17) is used to calculate
the primary energy use for each system in different periods. Note that
each system has different loads such as heating, water system, HVAC
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Table 6
Comparison of primary energy usage across different heating, ventilation, and air conditioning (HVAC) systems in Mullingar City,
Ireland.
Period HP and DHW EUI [kWh/m?] Full electric EUI [kWh/m?] Gas boiler and DHW EUI [kWh/m?]
Spring 67.051 137.191 119.136
Summer 45.085 77.674 68.198
Fall 38.434 58.536 51.865
Winte 62.337 126.420 109.989
Annual 212.907 399.820 349.187
EUI [kWh/m2]
162
160
158
2 9
g 156 &
5 &
£ E
-§ 154 &
152
150
148

0.80

0.85

DHW efficiency

Fig. 8. Variation of domestic hot water (DHW) and window ratio to end use intensity (EUI).

fans, interior lighting, electric equipment, pump, and gas equipment.
For each source in each system, the appropriate natural gas or electricity
PEF should be used.

According to Table 6, the system with a heat pump and gas boiler
indicates the highest energy efficiency compared to the other systems
for all the buildings in Mullingar, which is mostly because of the high
efficiency of the heat pumps. This could be enhanced by integrating
more renewable energy to feed the power grid.

4.5. Data-driven deep retrofitting analysis

Since the heat pump shows much better performance and saves
energy for cities according to the mentioned sensitivity, we use heat
pump (HP) as the ideal HVAC system and we develop various retrofitting
scenarios for the building envelope such as window ratio, DHW effi-
ciency, and the number of insulation layer sandwiches in the exterior
wall of Mullingar’s city. Regarding the high number of buildings used in
this investigation to have a much-consolidated representation of a real
city, the simulations are time-consuming; each of them takes about 15
to 30 hours to get a prediction of annual EUI by using 24 cores of a high
processing machine for a single case study.

To have rapid decision-making tools for urban planners and large-
scale city construction, we developed for the first time a Gaussian
Process of machine learning to simulate the annual end-use intensity.
The Gaussian Process machine learning has two main advantages: (1) it
is capable of handling the uncertainties due to its probabilistic approach,
and (2) it shows promising results in managing data scarcity in complex
problems [94]. The developed machine learning is highly precise with
an RMSE of 3.24 and the model is capable of predicting the EUI in dif-
ferent window ratios from 30 % to 50 % of a side, distinct number of
insulation from 1 to 5 layers, and DHW efficiency from 70 % to 95 %.

Fig. 8 shows the variation of EUI for different DHW efficiency and
window ratio in default insulation of 3. In a fixed insulation layer, the
variation of EUI with the DHW efficiency and window ratio is insignif-
icant. To minimize energy use, a mixture of high DHW efficiency and
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lower window ratio is suggested. The importance of the insulation layer
is shown in Fig. 9. With a fixed DHW efficiency of 0.8 and window ra-
tio of 0.4, increasing the insulation layer from 1 to 3, 3.97 % decreases
the EUL Fig. 10 shows the variation of EUI versus insulation layer, and
window ratio for 0.85 DHW efficiency. Enhancing the wall insulation
from 1 to 5 layers, with a window ratio of 0.45, saves 7.93 % energy in
each square meter in Mullingar.

4.6. Model performance

The credibility of the proposed GPDL model is evaluated against
state-of-the-art linear regression [95] and spline regression [28] mod-
els and the results are analyzed following the performance evaluation
criteria discussed in Section 4.3.

Table 7 (Error evaluation) portrays a remarkable performance
with the proposed GPDL model achieving MSE and RMSE of 1.3005
[kW h /m2]2 and 0.0036 [kW h/m?], which is much smaller than that of
linear and spline regression. The difference between the MSE of linear
and spline regressions is about 0.5179 [kW h/ m2]2, while the magnitude
of the Gaussian process regression is in the order of 10 to 6. The order of
magnitude of RMSE for the Gaussian process is 10 to 3, while the values
for the linear and spline are 1.0760 [kW h/m?] and 0.8000 [kW h/m?].
The RMSE criteria show that the Gaussian process model deviates about
0.0036 [kW h/m?] for the predictions. According to the order of magni-
tude of the results, the Gaussian process model shows an acceptable and
accurate prediction.

In the case of MAE, the Gaussian process model has obtained the
value of 0.0035 [kW h/m?]. This means that on ‘average’, the prediction
has an offset of about 0.0035 [kW h/m?]. The MAE is lower than the
RMSE, which means that larger errors do not inflate the error metrics;
this indicates that even the highest order of magnitude of errors does
not violate the credibility and accuracy of the model. However, linear
and spline regressions show poor comparative performance. The spline
regression’s MAE is 0.5060 [kW h/m?] which is about half of the linear’s
values. The MAPE and S-MAPE of the linear regression are 0.6643 [%],
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Fig. 9. Variation of domestic hot water (DHW) and number of insulation layer to end use intensity (EUI).
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Table 7

A comparison of the proposed Gaussian Process-based deep learning (GPDL) model with state-of-the-art linear and spline regression models using

various performance evaluation criteria.

Criteria description Performance metrics Linear regression [27] Spline regression [28] Proposed GPDL
Error evaluation MSE [kW h/ mz]2 1.1579 0.6400 1.3005
RMSE [kW h/m*] 1.0760 0.8000 0.0036
MAE [kW h/m?] 1.0311 0.5060 0.0035
MAPE [%] 0.6643 0.3310 0.0022
S-MAPE [%] 0.6646 0.3309 0.0022
CV-RMSE [%] 0.6905 0.5133 0.0023
R-RMSE (Range-as reference) [%] 7.7023 5.7265 0.0258
R-RMSE (Std. as reference) [%] 20.1901 15.0110 0.0676
Bias detection MBE [kW h/m?] —3.4106e1* —2.8421e7 —6e~*
Residual assessment Shapiro-Wilk Test 0.8070 0.8834 0.8641
p-value 0.0923 0.3254 0.2437
Uncertainty handling PINAW Not defined Not defined 0.0008
NLPD Not defined Not defined —4.1871
Relative performance U-statistic 3.4e73 2.5¢73 1.16e73

and 0.6646 [%], respectively. These metrics are about 0.6621 [%] and
0.6624 [%] higher than the proposed GPDL results and are almost half
of the spline.

The very narrow and close results of the Gaussian process show
the excellence of the model prediction. The CV — RMSE of the pro-
posed GPDL model is 0.0023 %, which implies that the RMSE is only
about 0.002 % of the average predicted EUI. The low amount of the
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CV — RMSE indicates the highest precision of the model. However, the
CV — RMSE of the spline and linear regression models is above 0.5 %.
The RMSER (range as reference) of linear and spline regression models is
7.7023 % and 5.7265 %, respectively, while it is about 5.7 % lower than
the proposed GPDL when compared to these state-of-the-art models. The
RMSE (Std. as reference) of the proposed GPDL model is in the order of
10~2% while for the spline and linear model is more than 15 %.
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Fig. 11. A comparison of the model fit between the proposed Gaussian Process-based deep learning (GPDL) and the linear and spline regression models.
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Fig. 12. A comparison of the model complexity between the proposed Gaussian Process-based deep learning (GPDL) and the linear and spline regression models.

A comparison of the MBE for the different models is presented in
Table 7 (Bias detection). Table 7 (Bias detection) shows a minimum
MBE of —6¢~* [kW h/m?] with the proposed GPDL while it is —3.4106¢~!*
[kW h/m?*] and —2.8421e~'% [kW h/m?] for the linear and spline regres-
sion models, respectively. This highlights that the proposed GPDL has
an MBE that is about 6e~* lower compared to these state-of-the-art mod-
els. The lower MBE indicates that the proposed GPDL model tends to
underpredict the EUI by about —6e~* [kW h/m?] relative to the mean
EUI, resulting in negligible systematic bias. We evaluated the model fit-
ting and presented comparative results in Fig. 11. The values of the
R-squared and adjusted R-squared scores for the proposed GPDL are
0.9999 and 0.9999, respectively. However, the model fitting results for
the R-squared scores of the linear (0.9592) and spline (0.9774) models
are comparatively lower compared to the proposed GPDL. This indi-
cates the high competency of the GPDL in performing deep retrofitting
analysis at a large-scale community level.

Given the importance of model complexity in resource consump-
tion, a comparative study of model complexity for GPDL, linear, and
spline models is presented in Fig. 12. The figure shows that the high-
est values of AIC and BIC result in a more complex model, regardless
of successful prediction capacity. Conversely, the lowest values of AIC
and BIC indicate a tendency towards a more parsimonious model. The
results show that the linear model is the least suitable method for
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deep retrofitting, with AIC and BIC values of 20.9227 and 19.7510,
respectively. The spline method exhibits a similar magnitude. However,
the proposed GPDL demonstrates the best integration complexity, with
comparatively smaller and negative values of AIC and BIC.

The residual assessment results are presented in Table 7 (Residual as-
sessment) , which shows a lower Shapiro-Wilk Test value (W = 0.8641)
compared to the linear regression (W = 0.80703) and Spline regression
(W = 0.8834). The results trend suggests that the proposed GPDL handles
the distribution better compared to the linear and spline regression mod-
els. The p-values results provide further insights into the normality of
the proposed GPDL model compared to the linear and spline regression
models.

In connection with the Shapiro-Wilk test for normality and p-values,
the Q-Q plot in Fig. 13 is visualized. The figure highlights the data that is
closer to the diagonal, indicating that the proposed GPDL supports both
the Shapiro-Wilk test for normality and the p-values of the residuals.
This suggests that there are no significant deviations in the residuals and
that they follow a normal distribution, in comparison to the state-of-the-
art linear and spline regression models. The comparative results of the
model uncertainty and predictive distribution for the various models are
presented in Table 7 (Uncertainty handling). The table shows that the
PINAW of the proposed GPDL is 0.0008, which indicates that the GPDL
has high credibility in predicting site EUI for deep retrofitting scenarios.
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Fig. 13. A representation of the Quantile-Quantile (Q-Q) plot for various models.

The NLPD of the proposed GPDL is —4.1871, which makes the proposed
GPDL a more preferred model as a conservative approach in developing
the prediction model.

A comparison of the U-statistic is presented in Table 7 (Relative per-
formance), which shows that the U-statistic value of the proposed GPDL
is 1.16e~3, which is the lowest one compared to the linear regression
(3.4e73) and the spline regression (2.5¢~). This implies that the pro-
posed GPDL has a lower value closer to zero, and therefore indicates
high performance compared to the state-of-the-art linear and spline re-
gression models to forecast the EUI for the application of the various
retrofitting measures in the building community.

4.7. Implications and recommendations for energy policymakers and smart
city planners

The end-user energy intensity in retrofitted buildings plays a critical
role in determining the overall energy consumption profile and has the
potential to support energy policymakers in identifying the most suitable
PEF that leads to optimizing energy consumption while planning for
smart city development. In this study, we highlighted the critical role
of EUI and analyzed its impact on the determination of PEF through
a case study conducted in Mullingar City, Ireland. The study aims to
support energy decision-makers in strategically planning for energy-
efficient retrofitting, thus promoting more sustainable and optimized
energy management in smart city development. Given the cost of over-
head energy generation, our study highlighted that electricity poses a
high PEF due to thermal to electricity conversion losses.

In contrast, natural gas and renewable energy sources (RESs) have
a lighter upstream loss due to the locality of their generation, resulting
in lower PEF and therefore have a higher feasibility for HVAC. They
have the ability not only to save energy but also to cut the dependency
on fossil fuels, leading to a lower overall carbon footprint. Besides, the
CAPEX of modern HVAC systems within existing buildings is cheaper
due to lower construction and labor costs compared to enhancing the
building envelope and walls.

Therefore, considering the case of Ireland, where most buildings are
from before the 1980s and have cultural and historical significance,
there are some conventions and measures in place to not completely
modify the physical appearance of the constructions. Retrofitting the
heating, cooling, and ventilation systems provides ample opportunity for
policymakers to cut overheads and save energy. For instance, the study
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demonstrated about 39.2 % of energy savings for the overall Mullingar
city, leading to reduced electricity costs for the state.

Nevertheless, given the atmospheric differences between Ireland and
other EU countries, on the EU level, policymakers and smart city plan-
ners are required to identify the most suitable PEF with minimal energy
overhead costs to save energy and reduce costs for smart city energy
communities. This implies that for some EU countries such as Spain,
Italy, Greece, Portugal, and France, there are abundant solar opportuni-
ties with the lowest PEF [96], while countries such as the Netherlands,
Germany, Croatia, Denmark, Poland, and Romania have natural gas with
a lower PEF [97].

On the other hand, Ireland, Finland, Sweden, and Belgium have
abundant wind resources with a lower PEF [98]. Consequently, de-
pending on the EUI and the PEF, energy policymakers and smart city
planners have to identify and allocate an appropriate PEF to lower en-
ergy overhead generation costs, save energy, reduce carbon emissions,
and promote a more sustainable society.

5. Conclusion

This study highlighted the importance of the end-use intensity and
its implications for energy policymakers and smart city planners when
allocating primary energy factors in the development of a sustainable
smart city and cost savings for the energy community. Consequently,
this study presented a detailed data-driven Gaussian-Process with Deep
Learning approach based on the integration of Gaussian-Process with
Deep Learning. As such, it aims to enhance the prediction of the end-use
intensity, reduce computational complexity, and recommend the pri-
mary energy source for the heating, water system, heating ventilation
and air conditioning, fans, interior lighting, electric equipment, pump,
and gas equipment system. A detailed formulation for the end-use inten-
sity and primary energy factors is established, and a mathematical model
for integrating the Gaussian Process with Deep Learning is developed.
Mullingar city is utilized as a case study, where 6076 buildings of various
types (e.g., commercial, public and government, recreational and enter-
tainment, transportation and infrastructure, religious, and residential) in
the city are characterized by their thickness, conductivity, density, heat,
roughness, thermal, solar, and visibility absorptance. A comprehensive
evaluation criterion is established from the end-use intensity, primary
energy factor, deep retrofitted analysis, and model performance perspec-
tives, and the performance of the proposed Gaussian Process-based Deep
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Learning is evaluated against state-of-the-art linear and spline regression
models.

The simulation results demonstrated a higher performance compared
to these state-of-the-art models. In more detail, the findings show-
cased a reduction of end-use intensity by about 52.4 %, resulting in
39.2 % energy savings for the overall city with high accuracy of mean
square error (1.3005), root mean square error (0.0036), and mean ab-
solute percentage error (0.0022), with a significant reduction in the
simulation time, highlighting the importance of the proposed Gaussian
Process-based Deep Learning for the city. The Mullingar city case study
demonstrated a 39.2 % energy saving for retrofitting the overall city
heating, cooling, and ventilation systems, showcasing a reduction in
energy generation overhead costs. Consequently, this leads to reduced
electricity consumption costs for the state. Based on the findings, the
study suggested the use of natural gas and renewable energy sources for
Ireland, while highlighting key factors for other EU countries.

In the future, further exploration, such as analyzing various cost fac-
tors (transmission and distribution), will provide more comprehensive
recommendations for the utilization of the primary energy factor. This
will help lower energy losses, cut costs, reduce the carbon footprint, and
contribute to the development of a more sustainable society.
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