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Abstract For PhD
Stochastic Occupardcentric Archetype Modeling for Urban Building Energy Simulation

Sanam Dabirian, Ph.D.
Concordia University, 2024

Urban Building Energy Modeling (UBEM) is vital for analyzing building energy performance
integrating detailed models of building systems, environmental factors, and occupant behavior. Despite
its importance, UBEM faces challenges with uncertainty in model inputs, particularly when scaling from
individual buildings to districts. This uncenmdy is largely due to the stochastic natureootupant
behavior, which current models often oversimplify with fixaatupant schedule€onsequentlyusing

the same occupant schedules for similar buildings leads to unrealistic peaks in energy démand.
thesis aims to enhance UBEM's accuracy by developing a framework for extracting and modeling
realistic occupant schedules from historical data in mus districts, addressing the unpredictable
elements of occupant behavior and reducing the uneriaienergy simulationghis research aims to

improve UBEM through several key objectives.

Firstly, it involves creating a comprehensive database that consolidates 3D geometry models with
detailed building information from various sources, effectively creating a digital twin of buildings that
can be further enhanced with additional data. Therskobjective is to develop a standardized data
model for building occupancy scheduling, tailored to different building types within UBEM. Thirdly, the
research focuses on developing a dhtaen method to extract representative occupant schedules,
partiaularly relatedto electrical equipment usage in institutional buildings across diverse climate zones.
This leads to the fourth objective: the development of a novel stochastic model using the-Gtzakov
Monte Carlo(MCMC) technique, which dynamically generates occupant schedules and models energy
demand at both building and urban scales. To increase efficiency and accuracy, the fifth abjextive
replacehe MCMC method with a Gaussian mixture model. The sixth objective integrates this stochastic
model into the UBEM system to form building archetypése research concludes with neighborhood
level building energy simulations and model validation using real data, confirming its accuracy-and real
world relevanceThe study's outcome is the creation of occupalaited schedules tailored for each new
building simulation, accommodating the stochastic nature of occupant behBwemresearch has
extensive implications, aiding in sustainable and efficient urban building design and operations, and

shaping energy policy and urban planning strategies worldwide.
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Abstract

Occupantrelated inputs are significant parameters that influence energy simy
accuracy at botkthe building and urban levels. In most previous research w,
fixed occupant schedules were used in weale building energy modeling. T
main reason is the lack of data availability to model the dynamic occuj
schedules. In recent years, urbamadsets and modern estimation and deteg
techniques were introduced to increase the availability of occupktéd data
sets. Yet, using these data to model the detailed occupancy at the urban
challenging and not much explored. Also, it iclear how detailed the inpt
regarding the occupancy should be. Addressing these research questions is
objective of this study. This paper presents a comprehensive review of the oc
behavior (OB) modeling approaches, occupatdted input pameters with
particular focus on the occupancy schedule, lighting, appliances use scl
temperature sqtoint schedule, and domestic hot water usage for urban bu
energy modeling (UBEM). Strategies to consider the occupanesnsdels as co
simulation connecting to urban building energy simulation are discussed.
potential datasets that could be used to derive occupktéd inputs at the urbg
scale are presented and highlight

activity level, pug, and lighting loads is discussed in detail. Finally, th
limitations and challenges of the occupegiated data connecting to buildir
energy modeling are discussed, along with the research gaps and future di
of occupantcentric UBEM.
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Globally, there isaccelerating interest in cities and the analysis of their under,
systems to understand, project, and propose sustainable energy transforr
These urban areas represent a complex combination of heterogeneous dat
complicates the process afgneering modeling and predicting changes that ¢
occur. Identifying the data sources related to the urban objects and their ass
characteristics is essential. While some schemas are developed to
consolidate, and organize the requirethdauch as CityGML, to describe urb)
geometry semantically, they lack the capability to include different use cast
objectives to adequately parametrize simulation models. There is a lack of
structured framework for data modeling to efficigrifganize the dispersed dg
needed for urban energy simulation. This articlepgoses a framework to devel
urban data models connecting with urban energy modeling tools for €
assessments in the city cont stinganovdl
implementation methodology for processing, modeling, capturing the result
populating other existing standard data formats. The data model represent
element in a novel urban simulation platform and aims attireal capturing,
staing, and investigating the various aspects of -sdgle behavior an
performance.
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Abstract

This paper presents an innovative approach to addressing the prevalent ch
of simulation uncertainty in urban building energgdeling (UBEM), focusing ot
accurately determining occupamtated input parameters. Traditional UBE
methods typically rely on standard schedules to create archetype models
often fail to reflect the variability observed in reabrld scenarios. @ overcome
this limitation, this research introduces a novel framework for generating elec
use profiles in institutional building archetypes across various climate zoneg
framework integrates -kneans clustering with Gaussian processes, eftdgt
incorporating uncertainties into the prediction models. The evaluation o
stochastic model suggests that the methodology can give acceptable predic
the electricity consumption of institutional buildings. The model demonst
robust preditive capabilities, achieving a CVRMSE as low as 11% in week
and 8.7% in weekends profiles, reflecting its strong predictive perform
However, its performance varies among different clusters and time periods
specific clusters displaying mogggnificant predictive inaccuracies at particy
times. These results emphasize the importance oftdimeg models and offe
opportunities for improvement in predicting urban building energy consumy
This can be achieved by incorporating sertsmved data to develop more detall
building profiles that include variable electricity usage patterns. This method
has been integrated into a UBEM tool, enabling the generation of more rg
electricity load profiles.
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Abstract

Occupantrelated parameters significantly impact the urban building en
simulation uncertainty. In most existing urbseale building energy models, fix¢
default occupantelated schedules are typically used, which might not neces
capture the vaation associated with occupancy. Without a more com
occupancy model within urban building energy modeling (UBEM), it is impos
to achieve a reliable energy demand estimation. For a more robust outpu
UBEM, occuparntrelated schedules shouldleet the variability and diversity o
the occupant behavior. This paper proposes a framework to extract represe
occupantrelated profiles from timseries data and model their performa
considering the stochastic nature of occupant behavior.
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Chapter 1: Introduction

1.1. Motivation and background
The world's cities consume more than 70% of all energy, and buildings account for a significant
portion of that consumptidd]. The transition of cities toward carbon neutrality must be supported
immediately to prevent an increase of 1.5 Celsius in global tempergirasbuilding is one of
the major energy consumers within an urban energy system, and it is capable of savinigyenergy
severaimeans. The simulation of building energy demasd function of building standards and
operational strategies can assist stakeholders in making decisions regarding-sidmanergy
managemerndtrategieg3]. Although urban building energy modeling (UBEM) can be used as an
integrated planning tool to estimate building energy demand and assess the buildings' energy
efficiency within a district or an entire city, there are few models to dynamically simulatdotre
buildings' energy demarid]. Among the influential parameters for the accuracy of the UBEMs,

occupant behaviors are paramount facfsy$6] [7].

According to previous literature, most research works have not examined the uncertainty in urban
building energy models due to occupant inputs because of the model complexity and lack of data
availability [8]. Previous literature illustrates that modeligglistic occupantelated parameters
accounting for their inherent stochastic characteristics is challefiiriherefore, most previous
research has utilized fixed occupaelated schedules for UBEM, which cannot capture occupant
behaviors' variations and complex[8]. As a result, the simulation results often differ from the
actual data, especially for highsolution performance simulationsdditionally, this deviation
between simulated results and real data can lead to misguided -eaenyy strategies or
inefficient building operation$10]. Addressing the discrepancies caused by the variability in
occupant behaviors is vital for refining urban building energy models and ensuring that they align

more closely with realvorld energy consumption patterns.

Smart meters provide a pivotal opportunity to refine occupancy modeling, thereby reducing
uncertainties in building performance simulati¢h%][12][13]. One of the advantages of metered
data is its ability to offer insights into the dynamic aspects of building functions, aiding in the
analysis of energy consumption patterns related to occupants for simulation p{ghodesre is

still a lack of submetering (e.g., metering lighting, appliance usage, and other electricity use

components separately), and privacy concerns hinder suitable and sufficient data cdlléttion
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These issuesonstitute the thematic background of the current research work: we develop a
stochastiebased occupasttentric model that dynamically simulates occupatdted schedules

and links it to urban building energy simulation models in an automatedJlging the detailed
occupancy model, urban building energy simulation results could be improved, and energy
stakeholders would gain quantitative insights that would enable them to manage -deteand

energy more effectively.

1.2. Problem statement and research questions
UBEM accuracy and building energy consumption are influenced by ocecgatnic parameters
(e.g., presence, lighting, appliance use, setpoint temperature, and hot watefi1adsing
archetypes (standard models with fully characterized buildifigg)often results in unrealistic
energy predictions for buildings described by the same archi&lyptesearchers investigated the
impact of different parameters such as weather [dafaand geometry18] on the total urban
building energy consumptidi9]. However, there are still many challenges to investigating the
effect of occupantelated schedules, mainly related to their level of dg28il. There islimited
knowledgeabout the occupaitlateddata[21] their movements andctions specifically inthe

urbanscale

To have a more robust output from building energy simulation, UBEM usually requires oecupant
related schedules for different building typds mentioned, iked values and schedules are
typically used when simulating a district or clusters of buildif&#J. This result is unrealistic

peaks in the energy demand, as buildings of the same type would use the same occupancy
schedules. As a result, electric or thermal distribution networks would beliovensioned to

cover such peak demanfi&3]. It is possible to obtain a more realistic district load curve by
modeling stochastic occupant behavior accuratBlgsearchers have conductezbearch on
stochastiebased occupancy schedules that can be used to simulate building energy in specific
types of buildings, such as office buildings and residences, but not for all types of buildings in
mixed-use districtg5]. To address the abowveentioned issueshe following research questions

arise:

1. What are the benefits and drawbacks of including dynamic occupancy information in
UBEM to accurately reflect the complexities of occupant behavior and improve the

predictive capabilities of these models?
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2. How can a welktructured framework be developed for data modeling that efficiently
organizes the dispersed data required for urban energy simulation, while also connecting

with urban energy modeling tools for energy assessments in the city Gontext

3. How can a stochastic model be formulated to generate ocewgated schedules, which

can then substitute the standard fixed schedules in UBEM models?

4. to what extent can the techniqueaployed in the development of stochastic modeling
for occupancy archetype modeling enhance the efficiency of UBEM in terms of both

accuracy and computational time?

5. How does the incorporation of stochastic occupancy schedules into UBEM impact the
accuracy of building electricity demand simulation at the neighborhood scale, and how

does this novel approach compare to traditional models with standard occupant profiles?

Stochastimccupancy modeling is a promising way to support the variability and stochasticity of
the occupantelated schedules to simulate district demand more accuratalitionally, it could

be demonstrated how the stochastic occupalated profilesenhancehe urban building energy
modeling workflow to predict the demandsing the timeseries prediction, it is possible to
manage urban building®.g.,predict electricity consumption, control the distribution grid more

efficiently, and forecast thermdemand for HVAC systens

1.3. Researchobjectives
Given the problem statement in section 1h2primaryobjective of thisresearthkit o devel op
framework to extract the representative occupaldted schedules (e.g., presenelectricity
usage) from historical timseries data for mixedse districts and model them considering the
stochastic natur e odtudyainsto qgortribtite td tbehdavelopmentoba T hi s
model that could improve simulation accuracy and pave the way to identifying optimum energy
management strategies agthancehe efficiency of energy management systerhe objectives
of this study can bkstedas follows:

1. To create an enriched database by consolidating 3D geometry models (digital twin) with

the stochastidbased occupanklated schedules and the other information such as
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construction year, typology, construction and material, and energy systems characteristics

from different public and private sources.

2. To devise a structured data model that effectively organizes and manages building
occupantrelated data for seamless integration into UBEM tools.

3. Develop a stochasticased occupancy modeling framework aimed at reducing the
uncertainty associated with occupant behavior within Urban Building Energy Models
(UBEM).

4. To develop stochasticased building archetypes specific to institutional buildings,
advancing beyond the conventional deterministic archetypes and enhancing the predictive
accuracy of UBEMs.

5. To integrate the stochasti@sed occupasdentric model with the Tool4Cities platform for

dynamic building simulation.

6. To evduate the performance of the stochasi@sed occupancy modelgainst the

deteministic modelsn UBEM models

1.4. Scope andcontext
This thesis is written in the context ofban building energy modelinigr Canada Excellence
Research Chaprogram at thélext Generation Cities Institute, Concordia Universitthile the
developed models of this work are generic, the application case focusesnoesidential

buildingsin thefive differentclimatezones

1.5. Thesisorganization
This thesis comprisdseur peerreviewed journal papers, one peeviewed conference paper, and
an additional chaptehat providedurther analysis of the implications of these pap€tsapter 2
providesa comprehensive literature review, focusing on the critical influence of ocergated
inputs on energy simulation accuracy at both building and urban scales. This chapter addresses the
challenge of integrating and detailing this data into wdxzle modeling, emphasizing the
required level of detail for occupancy inp@hapter 3highlights the absence of a structured
framework for efficiently organizing the scattered data required for urban energy simulation. The
chapter proposes a framework for deping urban data models that seamlessly integrate with

urban energy modeling tools, facilitating energy assessments within urban coGtesqiser 4
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proposes a framework to model the stochastised occupancy archetypes using the Markov
ChainMonte Carlo method, improving the accuracy of the stochastic prdfitepter Sexplores

the application of Gaussian processes, a powerful probabilistic modeling technique, to represent
uncertainty in predicted values and the underlying madel improving the defined stochastic
model In chapter 6, a district building simulation model is evaluated against three scenarios in
which occupantelated(electricity use and occupancydchedules are applied, including fixed
occupancy schedules, stochastic occupancy schedules derived from BGD2 data, and stochastic
occupancy schedules from campus building datdiscussion of the main conclusiodsrived

from this study, as well as limitations and suggestions for future research are presented in the

closing chapter
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Chapter 2: Occupant-centric urban building energy modeling:

approaches, inputs, and data sourcesa review*

2.1. Overview

Occupantrelated inputs are significaparameters that influence energy simulation accuracy at

both the building and urban levels. In most previous resemocks; fixed occupant schedules

were used in urbagscale building energy modeling. The main reason is the lack of data availability

to model the dynamic occupancy schedules. In recent years, urban data sets and modern estimation
and detection techniques wererattuced to increase the availability of occupaatated data sets.

Yet, using these data tnodel the detailed occupancy at the urban scale is challenging and not
much explored. Also, it is unclear how detailed the input regarding the occupancy should be.
Addressing these research questions is the main objective of this study. This papes present
comprehensive review of the occupant behavior (OB) modeling approaches, ogelgtadt

input parameters with particular focus on the occupancy schedule, lighting, appliances use
schedule, temperature gmtint schedule, and domestic hot water usagefoan building energy
modeling (UBEM). Strategies to consider the occupancynsodbels as ceimulation connecting

to urban building energy simulation are discussed. Some potential datasets that could be used to
derive occupantelated inputs at the ualh scale are presented and highlighted. Further, the
correlation between occupantsdé activity | evel
Finally, the limitations and challenges of the occupatdted data connecting to building energy
modelingare discussed along with the research gaps and future directions of oamngant

UBEM.

2.2. Introduction

2.2.1. Background and motivation
More than half of the world's population lives in the cities and is responsible for 70% of the global
energy consumption and environmental impf24$. Hence, energy planners and stakeholders are

interested in sustainability, resilience, and enhancing the buildings' energy efficiency in the urban

ls. Dabirian, K. P anc h ab icentris Modeling fomUiban Buildikgi Enekge Simulatio® ¢c ¢ u p a n
Approaches, Inputs, and Data SourcesA R e v i Bmesgy OBuild, vol. 257, p. 111809, 2021, doi:
10.1016/j.enbuild.2021.111809.

6| Page



context [25]. In this regard, researchers and building engineers apply urban building energy
modeling (UBEM) to estimate the buildings' energy demand at the urban scale. UBEM refers to
physicsbased computational modeling to simulate a group of buildings' perforroansiglering

t he buil di ngs éondegtiorfdmAltbough WBEMican theean integrated planning

tool to estimate the building energy demand and assess the buildings' energy efficiency, a reliable,

automated modeling approach is lacking to simulate the urban buildings' energy {&and

In general, detailed data and realistic modeling assumptions are required so that a UBEM could
estimate the representative energy demand of build&iJsIn specific, UBEM requires input
related to geographical information system (GBB), weather dat§29], building characteristics
including material$30], year buil{31], heating, ventilation, and air conditioning (HVAC) types,
occupancy, and equipment usage sched[#8 The most critical challenge in UBEM is
providing appropriate inputs for several parameters and accordingly reducing the uncertainties in
the estimated energy demand, which generally arises from the simplified/default assumptions
made while performing theBEM [32]. Similar to the weather and buildirglated parameters
(building envelopes, energy system configurations, operation, and maintenance), occupant related
input parameters also have significant influence over the energy consumption in buildings and is
one ofthe important sources for the uncertainties in UBEM [33], [34], [35], [36], [37]. It is
reported in the literature that the occupeaiaited uncertainty is relatively higher compared to
inputs related to infiltration rate and building envelope matej@f accounting for up to 30%

of the estimated building energy demand variation at the urban3g8al®&omerd40] mentioned

that the main reasons for the uncertainties in UBEM are the limited knowledge about the input

parameters (epistemic uncertainty) and the system components' variability (stochastic uncertainty)

Epistemic uncertainty has been slowly addressed in recent years by utilizing data collected from
smart energy meters or building energy management systems (HE®)S$everal researchers

are interested in developing novel data mining/diatgen, stochastic models representing
occupancy and its associated inputs in energy simulations, recommending cceumpant
controls in buildings, and providing usgpecific enggy-saving advisories. Though many studies

on occupancy modeling are available in the literature, most of them focused on the buildings level,
and detailed research on occupesntric UBEM is scarceMost of the UBEM tools focus on the
effects of weatheronditions, building physics, and construction features rather than the impact of
occupant$41]. Therefore, OB modeling and considering distinct occupant patterns in UBEM can
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provide representative energy consumption data, which helps dewiakers provide more
efficient measures to control the urban building systems.still unclear how to represent the
variation associated with the occupancy (at the urban scale) concerning different building
archetypes, periods of the day, week, month, and even seasons. In this ttostextiew aims to

(1) consolidateesearch works available in the literature on occupantric urban building energy
modeling, (2) different occupapenodeling approaches, (3) provide insights on occupsated

inputs required for UBEM, and (4) finally reviews the challenges in accommodating the variations
in occupancy at the urban scale. Besides, some urban data sources available for understanding a

extracting occupantelated parameters in buildings are highlighted.

2.2.2. Occupancy and occupant behavior modeling

Occupancy refers to occupant presence and absence schedule in the given space, whereas OB
refers to occupant interactions with appliances, lighting, thermostats, and other energy equipment.
Several studies on occupancy and OB modeling have advancedIthegenergy performance

analysis and enriched the modeling inputs in the past decade. Annex 53 described the influence of
occupant activity and behavior quantitatively
[42]. Annex 66 established a framework to simulate the OB model and integrate it with the building
energy performance tool[86]. Following Annex 66, Annex 79 focused on occupagtitric

building design and operati¢43].

Several reviews have been conducted to summarize the work of research studies that majorly
focused on understanding the impact of OB in energy modeling at building scale and reviewing
the OB modeling approaches, implementation, and representation of GissmoBPS. Hong et

al. [44] reviewed the implementation of the OB models in building performance simulation (BPS).
They provided insight into BPS programs' OB implementation approaches, representing the OB
model inputs and the approaches' pros and cons. Li[ébhtonducted a review focused on three
critical issues regarding the uncertainties arising from OB in BPS, selecting an appropriate OB
model, and the requirements to improve OB models. Since OB infludntkeng energy
consumption, the driving factors of the energlated OB should be identified. Zhang et[46]
conducted a review on rethinking OB in the BPS. They categorized the occupantreteteagy
behavior into interaction with window, lighting, heating, and cooling behavior. Regarding the
occupancy modeling approaches, Jia ef4l] reviewed stat®f-the-art occupancy modeling
methodologies and compared them based on their advantages and disadvantages. They concluded
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that the agenbased modeling integrates appropriately with the building energy simulation tools,
while stochastibased and data mining techniques are used to tracktdomgOB patterns to
estimate the energy demand. The abanmtioned studies investigal the occupancy at the

building scale.

The proliferation of occupastentric big data such as IoT, senbased, and mobility data has
paved the way to model the occupant behavior at a neighborhood, district, or city scale. However,
there is limited study regarding OB modeling for urban building design and opettioret al.

[47] proposed a novel framework to model the interaction between the building occupants and
urban energy systems using-Wiiinfrastructure to extract the occupancy profiles. The location
based services data such as Google Maps or Facebook is used to crextiespecific, data

driven occupancy schedules in 13 different U.S. cif#3. In another study, the occupancy
profiles were derived from higtresolution mobile positioning data in 900 buildings in downtown
San Antonio, Texa$49]. In [49], using the captured empirical occupancy profiles shows a
significant reduction in thermal demand compared with the DOE occupancy profiles. With
extracted urban scale building occupancy profiles from mobile positioning data, Barbo[5Git al.

and Kang et al[51] calculated the energy demand of different building types at the urban level.
Parker et al[52] developed a framework to create the occupancy schedules using personal location
metadata to input dynamic building simulation that could be extended for different building types.
Miller and Megger$53] proposed a twastep framework to characterize the building mduieded

and patterrbased behavior using temporal feature extraction of 50fewdential buildings.

In addition to developing the OB models based on the available urban data, some studies have
investigated the impact of different occupagliated input parameters on energy management,

urban building energy simulation, and energy system sizing. Xu E4élproposed an energy

saving alignment strategy to achieve maximum energy efficiechcg,c usi ng on o0cc
thermostat preferences and aapyble hausimgrojecsibNew per at
York City. Seasonal effects of the input parameters on urban building energy simulation (e.g.,
operating parameters and internal loads) have been investigated utilizing a sensitivity analysis in

a mixedused district in central Zurich, Switzerlafieb]. MosteircRomero and Schluet¢83]

analyzed the effects of the variations of the occupants and climate in electrical and thermal
demands caused by the sizing of the supply energy systems. They compared three different
occupancy modeling approaches on the district planned systems, setérasrdstic, stochastic,
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and populatiorbased methods. Baetens and Saelgtd quantified the occupantlated
uncertainties arising from the stochastic nature of OB in residential building districts using the
StROBe stochastic simulation tool. The review papers focused on OB models at the urban scale,

and the uniqueness of the masreview are highlighted in section 1.3.

2.2.3. Novelty of the review

Several review papers have been published at the urban scale in recent years on various aspects of
UBEM, such as bottorap physicsbased UBEM tools, including required input, output, and
workflows [57], [9]. However, there exist only few reviews focused on the occupancy modeling

for UBEM [5], [58], [7]. For example, Happle et #] conducted a study focusing mainly on OB
modeling approaches for the UBEM. They assessed the diversity of OB in different building types.
Salim et al.[58] discussed various urban data sources that enable the researchers to model the
humanbuilding interactions and mobility behavior at the urban scale. They categorized the
occuparvcentric urban data into six categories: occupancy schedules, mobility datingd
performance, operational data, environmental, and survey data. In another review, Do et al.
investigated the gap between occupancy modeling and data sources in building science and other
fields to identify thechallenges, modeling requirements, and policy at the urban St&above
mentioned reviews were focused on the categorization of OB modeling in UBEM and discussed
theadvantagesandi sadvantages of each occupancy model
review papers have not discussed the required occoplated input parameters for UBEMSs in

detail except occupancy presence. The current paper provides a consolidated overview and
discussion on the choice of occupancy modeling in urban contexts, the correlations existing
between the occupantlated input parameters (occupancy schedule, lighting, plug load schedule,
setpoint temperature schedule), potential data sources that sisdicb® extract occupant related

inputs and cesimulation options available in the literature to represent OB in UBEM.

2.2.4. Review methodology

In this study, a literature review was conducted to consolidate the past research on occupancy
modeling,detailing the occupasrelated inputs for building energy modeling at the neighborhood,
district, and city scale, challenges in assigning realistic occupancy in the models, and finally
providing an overview of available data sources to model occupantiBieM purposes. In this
context, a text mining analysis was performed to find the journal articles and conference

proceedings since 2000. Before 2003, no study was found that investigated UBEM (Figure 1). The
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keywords included neighborhood, district, urban, or city combining with building energy modeling
or simulation, occupancy modeling, and occugafdted input parameters such as lighting,

appliance usage, temperature setpoints, and domestic hot water.

2020
2018
2016
2014
2012
2010

ion year

2008 m Selected papers for review
2006

2004
2002
2000

Publicat

All publications containing keywords$

0O 5 10 15 20 25 30 35 40 45 50 55 60 65 70 75 80

Number of articles

Figurel. Reviewed papers publication year

The publications were screeneahsidering two main criteria: (1) the energy simulation must be
implemented on the urban scale; (2) it contains the occupancy modeling parameters and
approaches. Due to the first keyword's tremendous search results, another search was done, adding
the seond keyword to limit the output. If the references passed both the -afmwv@oned
screening criteria, they are included in this review as well. All the collected papers have been
examined to define the UBEM primary applicatj occupancy sulnodels, source of occupancy

profiles, and used energy simulation engine (Figure 2).
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Literature search methodology

Web search

Keywords:

1. Neighborhood, district, or
urban building energy
modelling
2. Occupancy modeling
(building and urban scale)
3. Occupant centric UBEM
4. UBEM input parameters
(occupancy, temperature
setpoints, lighting, plug loads,
domestic hot water)

Selecting papers containing
urban scale building energy
modeling & occupant-related
models

Main topic

1. Extracting UBEM occupant-related input
parameters

|

! ]
Occupanc Occupant energy use
e behaviour
¥
Presence/absence Lighting schedules

and activity Plug loads schedules

Internal heat gain Thermostat setpoints

schedules

DHW usage

2. Investigating occupant-related input
parameters in building scale literatures

Output

Consolidation of research works
on building occupancy modeling

Overview of different occupancy
models and UBEM input
parameters

1. Available data sources for
occupancy modeling
2. Challenges of level of detail
and OB implementation in
UBEM

Highlighting challenges in
providing representative
occupant related inputs at urban
scale

Figure2. Review methodology

2.3. Urban building energy modeling (UBEM) - an overview

To model thebuilding energy requirements and improve energy sustainability at the city scale,
UBEM is a powerful tool thatombines urban data with energy simulation engiifs. major
applications of UBEM are evaluating the system perform@@k identifying the potential for
building retrofit[19], energydriven planning, and urban decisioraking[60]. UBEM approaches

are classified as tegpown and bottorup model461], [62]. The topdown model as a datiriven
approach predicts loAgrm energy consumption using macroeconomic data and statistical
information at the urban and regional le\je8]. This approach does not deal with individual-end
uses. The toplown model's major drivers include gross domestic product, population, household

size, energy price, and climd&s].

On the other hand, the botteup model that is the most applied method to model urban building
energy examines the individual's energy use or a group of buil@2ps he bottoraup approach

is applied when the energy demand analysis assesses each building's contribution to urban energy
consumptiori64]. The bottorrup model's procedure consists of model development, calibration,
validation, and simulation of urban energy demand. It represents the UBEM more accurately using
extensive data to simulate the energy demand. The bogamethod's strengths akee capability

to use a high level of details, simulation of energy use at different temporal scales, and reliable

calculation[65].
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In the literature, several UBEM platforms have been proposed, such as S{86jodlitySim
[67], UMI [68], TEASER][23], CityBES[69], and CESAR70]. UBEM tools like CESAR were
proposed to model the energy demand and retrofitting based on an automatedupapgproach

in different spatial scalel¥0]. The model was built by considering geometry information and

enriched using census data, building characteristics, and OB data.

Table 1 summarizes the overview of 24 studies focused on UBEM platforms and workflows
published between 2003 and 2018, with a specific focus on occupannyosigts in UBEM. The
occupancy sunodels characteristics include the occupancy modeling appmeaipancy data

type, data source, and building type. Additionally, the UBEM simulation engine considered in the
research studies is highlighted in the table. It is also important to mention that Table 1 indicates
the UBEM models that have exploited morartltone occupantlated input parameter in their

simulation
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Tablel. Urban building energy modeling workflows and platforms selected for review with a fooasugancy models

Authors [Ref] Platform/tool UBEM objective Occupancy Occupancyrelated Data source Building Simulation
modeling data type type engine
approach

Yamaguchi et - Evaluating options for district Stochastic Presence, appliance| Customized Office HASP
al.,[71] 2003 energy systems design usage, activity
schedules, HVAC
Robinson et al., SUNtool Describing the factors which Stochastic Presence, appliancey Literature Office Customized
[66] 2007 influence dynamic demand Wlndgws, lighting &
shading, HVAC
Shimoda et al., - Simulating heating and cooling | Stochastic Presence, lighting, Customized | Residential | Customized
[72] demand, operation of appliances appliance, HVAC R-C model
& occupantsd be use, DHW, activity
2007 schedules
Heiple & Sailor, - Estimating hourly & seasonal Deterministic | Presence, lighting, ASHRAE, Commercial | eQuest
energy consumption profile appliance, esidentia
[73] i fil li HVAC NREL & Residential
use
2008
Robinson et al., CitySim Simul ati ng bui | Deterministic | Presence, activity Customized | Residential | Customized
[67] flows & stochastic | schedules, windows R-C model
2009
Caputo et al., - Assessing different energy Deterministic | Presence, ventilation| Customized | Commercial | EnergyPlus
[74] strategies by characterizing internal loads & Residential
energy performance
2013
Reinhart et al., (Urban Modeling Analyzing operational energy Deterministic | Presence, appliance| ASHRAE All types EnergyPlus
[68] Interface) lighting, HVAC use )
Radiance,
2013 uml _
Daysim
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Authors [Ref] Platform/tool UBEM objective Occupancy | Occupancyrelated | Data source Building Simulation
modeling data type type engine
approach

Orehounig et - Integrating decentralized energy| Deterministic | Appliance, lighting SIA 2024 Residential, | EnergyPlus
al., [75] systems hotel & office
2014
Remmen et al., | (Tool for EnergyAnalysis | Simulating spatiotemporal energ| Deterministic | Presence, appliance, Richardson Residential | Modelica,
[23] andSimulationfor demand & stochastic | lighting lighting use AixLib
Efficient Retrofit) model (TUS)
2015 TEASER
Bollinger & (Holistic Simulating urban mukenergy Stochastic Presence, appliance,| Richardson Residential | EnergyPlus
Evins,[76] UrbanEnergySimulation) | systems activity schedules activity and
HUES appliance use
2015 model (TUS)
Nouvel et al. SIMSTADT Analyzing city districts energy Deterministic | Presence, appliance, The All types ISO/CEN
[77], 2015 lighting, HVAC Association standards
of German based
Engineers reduced
(VID) order model
Fonseca et al., (City Energy Analyst) | Retrofitting and designing distric| Deterministic | Presence, ventilation SIA All types R-C model
[78] energy systems lighting, appliance,
CEA HVAC, DHW
2016
Baetens & StROBe Accounting uncertainty for Stochastic Presence, lighting, TUS, Residential | Modelica,
Saelens{56] district energy simulations actl\{lty schedules, questionnaire IDEAS
appliances, DHW survey
2016
Ellis, [79] ParamsNZP Generating building energy Deterministic | Presence, lighting, DOE Army, EnergyPlus
models for parametric analysis appliance, HVAC, commercial
2016 DHW & residential
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Schiefelbein et - Thermal simulation & load flow | Stochastic Presence, appliance| Richardson Residential | TEASER
al., [80][81] calculation & lighting model (TUS) (Modelica)
2016
Cerezo Davila MIT UBEM Tool Calculating hourly energy Deterministic | Presence, lighting, ASHRAE All types EnergyPlus
et al.[29] demand load appliance, HVAC,

DHW
Hong et al., City Building Energy | Energy benchmarking, urban Deterministic | Presence, lighting, DOE office & EnergyPlus
[69][24] 2017 Saver (CityBES) energy planning, Retrofit analysi HVAC, appliances comm_ermal

buildings

Ahmed et al., - Forecasting cityscale energy Deterministic | Presence, lighting, DOE All types EnergyPlus
[82] 2017 demand (endise profiles) HVAC, appliances,

activity schedules
Sokol et al., - UBEM calibration Stochastic Presence, appliance, Customized All types EnergyPlus
[83] 2017 o ) lighting

Providing usage profiles

Nageler et al., - Simulating annual heating & Deterministic | Presenceyindow IDA ICE Residential, | IDA ICE
[84] 2017 DHW energy consumption ventilation, occupancy office,

equipment, lighting model, SIA | commercial,

school
An et al.,[85] Stochastic Occupant | Simulating cooling load Stochastic Presence, lighting, Questionnair| Residential | DeST
Behavior (SOB) appliances, HVAC e survey
2017 control, window
Wang et al., (Combined Energy Simulating energy demand & Stochastic Presence, activity SIA 2024 Residential | EnergyPlus
[70] 2018 Simulation and retrofitting modeling schedules
Retrofitting) CESAR
Torabi - Estimating energy consumption | Deterministic | Presence (Building ISTAT Residential | Customized
Moghadam et occupation ratio) national
al.,[86] 2018 census
El Kontar & - Modeling occupancy & Deterministic | Lighting, equipment, Energy Residential | EnergyPlus
Rakha [87] consequent energy loads appliances, presencg measured
data

2018
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Figure 3 indicates the percentage of each occeyedated input parameter considered in the

UBEM studies mentioned in Table 1. Figure 3 is drawn as the result of theanayais of

revi ewed papers mentioned i n TapulparantterfoDc cup a
92% of the UBEMSs. 79% and 75% of the UBEMSs considered the appliance loads and lighting
profiles in their energy simulation. In 21% of the UBEM models, domestic hot water (DHW)
schedules were used. However, it is still unknown how mejotesentative DHW usage could

influence building energy simulati¢88].

Presence
Appliance
Lighting

HVAC use

Activity schedules
DHW

Ventilation

Occupanirelated input parameters

Others (window operation, shading

0 20 40 60 80 100
Number of UBEM platforms

Figure3. Occupantelated input parameters considered in the UBEM based on Table 1

Figure 4 illustrates the data source of occupancynsodbels in the UBEM presented in Table

1. The inference from Figure 4 is that 22% of the UBEMSs used the customizgdwation

for occupambehavior inputs. 18%,17%, and 13% of the UBEMs used the Sweisety of
Engineers and Architects normative (SIA), Time use survey (TUS) dataset, and American
Society of Heating, Refrigerating and Adonditioning Engineers (ASHRAE) schedules to
model occupancy. The other sources such as Department of Energy (EcDRadrelated
profiles, Italian National Institute of Statistics (ISTAT) national census, questionnaire surveys,
Association ofGermanEngineers (Verein Deutscher Ingeniey@)d energy measured data
have been used less than 10%, respectively to model the occupancy in the UBEMs. The
di stribution of the building tmogelssshownmsi der ¢
Figure 4. In 25% of the UBEMSs, difpesof buildings has been modeled. Also, the percentage
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is shown in Figures 3, and 4 need not necessarily be equal to 100% as the same origin, and
building types might have appl-inees. Higare 5 di f f e
indicates the number of UBEM models that support different building types baSeable.

Energy measured

ID
0

QUGStlr\Olzna'r Customized
SUg(y y 22%
0
ISTAT nation
census
4%

17% SIA
18%

Figure4. The data source for occupancy subdels in the UBEMs considered in Table 1
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Residential Office Commercial Hotel School  All types
BUILDING TYPE

Figure5. Number of UBEM models that support different building types based on Table 1

2.4. Occupancy modeling approaches

OB modeling is fundamentally determined by simulating the occupant's presence, movement, and
interaction with the buildingsysterf89]. The ter m 6occupancyd descri
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and absence in each buildingbs usage zone. Oc
interaction with electrical appliances, lighting systems, thermostat setpoint settings, and other
building energy systeni90], [91]. In the previous studies, various parameters such as occupant
presence/absence stf8], lighting[93], plug loadg94], and thermostat setpoirf@5] have been

exploited to model the occupancy and occupant energy use behavior.

The modeling of realistic occupancy accounting for its inherent stochastic characteristics is a
challenge. For this reason, most of the preceding research works applied static and deterministic
occupancy schedules for UBEM, which might not necessarilyicafite variation associated with
occupancy. For instance, UNE8], CEA[78], and CityBEJ69] simulation tools use standard or
deterministic  schedules for occupancy modeling. Recent studies focused on
stochastic/probabilistic occupancy modeling to account for the occupant behavior's temporal
variations. The TEASER tool used occupancy presenceetedrical load to generate the
occupancy schedules using the Richardson presence model in the district's residential building
stocks[23]. In the CESAR platform, Wang et &70] model the occupancy schedules based on
the occupantdos presence and activity profiles
retrofitting. The modeling approaches of occupancy (Figure 6) in both building and urban scale
generally include deterinistic, datadriven, stochastic/probabilistic, and agéased approaches

[45], [96].

Deterministic Data-driven Stochastic Agent-based

c ) Generating occupanc i ili i ing i i
5 Fixed schedules extracted . .g p j A% Calc!.l!atlng probability of Simulating mterau_:tlon
=] profiles using statistical, specific events to capture of occupants with
= from standards or rule L o . .
& . data mining, and ML variability of human environment and with
(=} techniques behavior other agents

] Standards and directives TUS, survey data, sensing TUS, sensing data, Occupant-related

§ ASHRAE, DOE, SIA data, electric load occupancy and energy schedules, observed
n Literature, survey data profiles system usage schedules data

Figure6. Occupancy modeling approaches

2.4.1. Deterministic approach

The deterministic approach refers to the fixed schedulesl@os of complexity) extracted from
standards (such as ASHRA&7], DOE [5] and National Energy Code of Canada for Buildings
(NECB) [98]) or a set of certain rulg®][99]. The deterministic schedules provide a simple
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representation of occupant behavior for different building types composed of the hourly values to
form a daily profile[100]. Deterministic occupant schedules are typically used as an input in the
UBEM models. Fonseca et fi8] in the CEA used standard tirseries data to represent occupant
schedules, ventilation rates, and temperature and humidity setpoints for all buildings embedded in
the archetype database. Robinson ef&l], in the CitySim tool, considered the deterministic
profiles of presence, windows and blinds openi
flows. In the literature cited, "deterministic" implies use of {iodesed models. However,
deterministicmodels are not necessarily rddased but can be based on some correlational
equations or associations which are clearly outlined within the system constraints. Thus,
deterministic models cover both rtbased and scheddbmsed models, but not all ruleave to

be deterministicd.g.,a presence/absence randomizer that is active only during certain time periods
is both stochastic and rubesed). Figure 7 shows an exampledeferministic schedules for
occupancy, lighting and appliances, and domestic hot water consumption considered in the CEA

tool for a school building in Switzerland.

1 schedule
1 —— Weekday
0.8 | —e— Weekday 08 Sunday
E 06 Sunday £ 06 Saturday
2 s
=] Saturda
S 04 v S 0.4
o o
0.2 0.2
L e e -]
6 Leoooes - 0
geeswse e T e 0 2 4 6 8 1012 14 16 18 20 22 24

Hours

Hanire

(c) Domestic hot water consumption

schedule
1 , —8&— Weekday
> 0.8 Sunday
% 0.6 Saturday
< 04
= 0.2

“““ Ca Ao o]

0 2 4 6 8 10 12 14 16 18 20 22 24

Hours

o
1
L]
|
L]
1
q

Figure7. Example of deterministic schedules for (a) occupancy, (b) lighting and appliances, and (c) domestic hot water
consumption considered in CEA tool for a school building in Switzerland, modifig@ffom
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2.4.2. Data-driven modeling

On the other hand, occupamiated inputs derived using the ddtaven approach in a way are

fixed but are derived using the robust data collected from buildings using different sources. In
recent years, the increment of smart energy monitoring degigels és BEMS, smart thermostats)

has made it possible to create publicly available databases, including building characteristics,
occupantrelated data, and energy consumption. Tiigle itpossible to develop the datigiven

models with the integration tiie engineering simulation to create a more accurate building energy
simulation model. The dat@iven approach mostly uses data mining techniques (most commonly
k-meang101], [102], k-Shape clusterin§fl03], [104], decision tre¢105], [106], associate rule

mining technique$107], [108]), machine learning mode[$09], [110], and statistical methods

[111]. Figure 8 is an example of daily occupancy presence probability in ahideeom
apartment derived using a dataven approach. The figure is drawn using the occupancy
presence/absence data monitored (atromeite resolution) using passive inired PIR) motion

sensors installed in various locations of an apartment located in Lyon, France. The data relating to
occupancy (presence/absence state), plug load, and lighting energy consumption was collected
from 32 apartments of a higherformance mixedisebuilding for one year, and the data collected

from one of the apartments was used for illustration. The-dtatan framework for deriving
deterministiebased occupant schedules using the data collected from several apartments of the
same building consided in this study is explained in detfil04]. The readers can refer to the
following paperg104] and[108] for more details on the data collection, sensor details, and dataset
description.The purpose of Figure 8 is to emphasize the variation in occupancy schedule between
each day of the week in the same apartment. By defining the same occupant schedule for all
weekdays, there is a high chance of repeated schedules and the variatiormauplaacy with

respect to time of the day, day of the week, seasons are missed out. Therefore, though a
deterministiebased occupancy schedule is a simple and basic solatidefining occupancy in

UBEM, stochastic approaches are suggested in the literature to incorporate the occupants' dynamic
nature[85], [112].
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Figure8. Variation in daily occupant schedule observed in an apartment.

Researchers investigated the relation between electric energy consumption and occupant presence
using big data analysj$13][114]. However, few studies have been implemented to recognize the
occupantrelated patterns using data analysis in residential buildings due to privacy issues.
Consequently, Time use surveys (TUS) as occupant's behavior schedules are applied to model the
enery use in the residential buildingE15]. Annex 79 is investigating to model occupancy (e.g.,
presence and activities) using ddtaven modelq116]. Bianchi et al[117] proposed a novel
methodology to model parametric occupanelted schedules using real-in resolution

electric metered data in the diverse building stock. Replacing fixed schedules withridena
occupancy schedules for urban building energy sinmmnamay impact occupamelated
applications' annual energy demand. Besides, it might affect predicting the peak power, leading to

different supply systems sizijg8].

Data mining and machine learning help step forward to the model development after data
preprocessing in dadriven modeling procedures. The commonly used ML techniques in OB
pattern recognition and prediction atkistering decision tree, association rule mining, and

Bayesian networK45]. It is found that the predicted OB patterns using ML techniques can
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represent the stochastic nature of the OB in building energy simuld&brin addition to using

one ML technique in occupancy modeling, more than one ML technique was applied to benefit
the strength of various methods in some research Wii3ksHuchuk et al[118] compared various

ML models, including traditional classification, logistic regression, Markov models, Random
forest, and recurrent neural network (RNN), for occupancy prediction in residential buildings to
evaluate their performance in terms of the aauréevel and computationally viability.
Noticeably, they used connected thermostat data as input of the ML models. The ML methods are
mostly applied to estimate the occupancy without exactly tracing fh&mCurrently, there are

few studies of occupancy dataiven models that are used for UBEM. Happle €} proposed

a datadriven occupancy model to generate the urban building occupant presence model based on
LocationBased Services (LBS) using the CEA tool for energy simulation. They concluded that
the occupancy profiles are sensitive parameters in urblhrtguenergy prediction. Besides, they
found that the standard schedules significantly overestimate the building occupancy. Another
purpose of using ML models is to calibrate the UBEM models based on OB patterns. El kontar
and Rakhg87] calibrated the UBEM model of a residential neighborhood in Austin, Texas,
utilizing clustering analysis of building energy use variables such as lighting, equipment, cooling,

and heating.

2.4.3. Stochastic/probabilistic modeling

Studies at urban scale illustrate that stochastic modeling is preferred to predict realistic energy
loads with a high temporal resolutif8b]. Generating occupancy profiles using stochastic models
increases the reliability of building energy simulatj@B]. Developing the stochastic occupancy
models is mostly based on the Markov Chain procedsek upon TUS or sensdrased data

[119]. Page etal91l]si mul at ed t he occupantés presence
time-inhomogeneous Markov chain considering occasional periods of prolonged absence. They
used the weekly presence probability statistics to simulate the occupant presence aral absen

event.

Furthermore, probabilistic models are used to develop stochastic occupancy models in which the
state of the OB follows a specific probability distributjds]. Wang et al[120] proposed a simple

mat hemati cal formula to represent t he OBOs
conditions. Cecconi et gl121] proposed an automated and tested probabilistic occupancy model

to reduce epistemic and stochastic uncertainties using alaydtied supervised feedforward
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Artificial neural network (ANN). Virote and NeveSilva[122] presented an energy consumption
prediction model, considering the stochastic nature of occupant presence. They modeled the OB
based on the lighting system's usage. However, they acknowledged that the other energy system
could be replaced to represent tieeupant's presence's randomness. Additionally, it is reported
that using a dynamic occupancy model provides a more accurate result than a static algorithm
[123]. Gilani et al[124] quantified lighting energy use prediction uncertainty in offices of different
sizes. They concluded that the occupant impact on the annual lighting energy consumption
decreases by increasing the office size depending on the occupancy modeling appi®atidyh
illustrates that stochastic occupancy modeling would not be beneficial if the objective is to
simulate the average energy use prediction of large office buildings. The studies mentioned above
proposed the stochastic occupancy models at the byillelel. Several UBEM models considered

the stochasticity of the occupamtated behavior using the stochastic occupancy models in
connection with their platforms. In TEASER tool, Schiefelbein ef&dl] generated the annual
occupancy, appliance, and lighting profiles using the Richardson lighting use [h2a8Eto
simulate district buildings' thermal demand. An ef&B)] proposed a stochastic modeling method

with the OB model reflecting different spatiotemporal diversity and stochastic sampling processes
to predict the district cooling loads. They concluded that using oversimplified OB schedules could
lead to overestimateenergy use and cooling loads. He et[&al2] developed a stochastic
occupancy model to generate neighborhood hourly thermal demand profiles. It is reported that the
stochastic model could generate more representative hourly thermal demand profiles. A significant
difference was observed between thefifes generated using the stochastic occupancy model and

the standard heating hours.

2.4.4. Agent-based modeling

The agenbased modeling (ABM) considers the aggregated actions through occupants'
interactions and relationshig$26]. In ABM, the individuals are considered agents, and their
interactions in the built environment are modeled. ABM is used to model occupant movement in
buildings, their energyelated behavior, and adaptability in terms of thermal corf86it Liao et

al. [127] proposed a novel Multiple Modules (MuMo) model. One of the pioneering studies
explored the advantages and disadvantages of using the ABM approach for occupancy modeling.
They simulated the multbiccupant singlzone scenario and multiccupant multzonescenario.

Liao and BarooalH128] used the ageriiased approach to model a rgale estimation of
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occupants' numbers in a commercial building. They used Monte Carlo simulation to extract a
reducedorder statistical model from the ABM. In their review, Li et 5] reported that

devel oping ABM models require detailed insigh
of different behavior. Also, ABM requires high computational time, which challenges its
application in largescale simulations. Though ABM can neddhe heterogeneity associated with

the occupants, detailed data about each agent is required, further hindering their application at the
urban scale. Because of the complexity, high computational time in modeling the agents and their
interactions with mitiple zones in the built environment, other modeling approaches are often

preferred inpreviousresearch.

2.5. Occupantrelated inputs

The main occupanklated input parameters in the energy simulation are occupant
presence/absence state, appliance use, lighting, setpoint temperature schedules, and DHW usage
[67]. Insights of each occupant enemgyated input at both building and urban scale are presented

in the following sections. However, some other parameters such as window operation and shading
have been considered in a few UBEM platforBiscethe window opening/closing influences the

indoor air quality and the room temperature and is not directly related to energy consumption.
Therefore, this study provided an overview of considenmglow operation as an urban building

energy simulation input in the UBEplatforms.

Robinson et al[66], in their urban energy modeling platform (SUNtool), developed a behavioral

model of window openings considering the probability of interaction and the consequences of this
interaction. Then, the result of this model is parsed to the whole building therocal. The

window opening schedules induce a deterministically calculated ventilation rate. Additionally,

they consideredppliancau s age, | i ghting, shading to cal cul g
In another GlSased UBEM platform, Nageler et §29] calculate the urban building energy

demand using the IDA ICE model instead of occupancy profiles considering the action pertaining

to windows and its impact on ventilation rate.

To simulate the cooling load of a residential district, An eff&] considered five types of
occupant behavior, including occupancy presence, lighting, HVAC control, cooling temperature
setpoint, and window operation. Considering the indoor thermal conditions, they determined the

HVAC and windows state using the probaigifunctions to simulate the thermal demand. CitySim
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is another UBEM model that takes windows opening and corresponding ventilation exchanges into
account to model the buildingsd energy fl ow a
[67].

2.5.1. Occupancy

Kjeergaard et al[130] categorized the occupancy into occupancy detection cacdpancy
estimation. Occupancy detection refers to the binary inference of the presence and absence of the
occupants, and occupancy estimation is meant to determine the number of occupants in the space.
In addition to the above, one more input related to occupammcupant activity level, which is

useful to estimate the internal gains due to occupants in buildings. QuafB&{ e¢ported that

the main difference between the energy modeling performed at building and urban scale is the
interactions of various systems (for example, interactions between buildings and their
surroundings, interactions between occupants and buildmgs® urban context. Happle et[&l]

stated that interactions between occupants with multiple buildings in the city/district are often
sidelined in UBEM. For demonstration, the authi@ijsgave an example of an occupant being
absent in the office during lunchtime would eventually be present in the restaurant or home, and
these interactions are not often considered in UBEM. The main reason for oversimplifying the
assumptions related to ocanzy at the urban scale is the lack of occupelated data availability

in building types. It must be mentioned that the impact of such detailed occupancy depends on the
objective of the UBEM. If the aim is to estimate the yearly energy demand of lgsildiren the
interactions of individual occupants with multiple buildings might get diminished in the urban

context.

Some studies estimated the occupants6é presen
occupants' interaction with thermostHt69], lighting and shading systerfi31l]. The occupan
arrival and departure and the absence duration could influence the building energy consumption
[132]. Energy use during an occupant 6s -savibhgsence
potential [133]. Datadriven based approach is a promising method to extract the occupancy
schedules and predict the number of occuda®®). Panchabikesan et §l04] developed a data

driven framework to extract the occupant activity and presence schedule from several apartments
using shapédased clusteringandchargeo i nt det ecti on t e ¢1B5Shusegiu e s . L
data mining techniques {keans clustering and decision tree) to extract the occupant schedules

from 16 office buildings. It is suggested that the extracted occupant scheldaolddbe used to
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study the effect of occupant presence schedule on system operation and energy use in office

buildings.

2.5.2. Occupant energyrelated inputs

I n most UBEM models, the occupantdés presence V
heat gain. As mentioned earlier in this section, plug load, lighting load, setpoint schedules, and
DHW usage are the other occupasiated inputs that need be defined while performing the

energy simulation. Assigning the appliances and lighting load schedules by occupancy is crucial

as they are highly correlat¢ti34].

2.5.2.1. Plug load schedules

Plug load schedules are related to the electrical equipment usage behavior of the occupants. In
gener al , the plug |l oadd schedule highly depe
buildings, these two possess a strong correlation with each[b@idr Figure 9 depicts the plug

load and occupant activity schedule (represented by the hourly average number of movements
detected on the specific day of the week) in four apartments. Figures 8 and 9 are drawn using the
data collected from the higierformane mixeduse buildings located in Lyon, France. The data

in Figure 9 illustrates the average daily profile of occupant activity schedule and plug load schedule
(starting from Monday) derived from the data collected for one year from four apart@erikse

building scale, it is possible to understand and derive the plug load schedules for the specific
building and assign the representative occupancy and appliances schedules (as shown in Figure 9)
while performing energy simulation. However, it is challenging torassaidistinct/representative

plug load schedule for each building at the urban scale. Therefore, in most UBEM models, plug
load schedules derived from deterministic models are used to simulate the building energy
demand. Assigning similar profiléer different building functions would misrepresent the actual
energy demand and peak log4d8]. Carlucci et al[99] reported that most of the studies in the
literature had used dathiven models to extract the appliance use schedules and related occupant
activities. Clustering algorithm coupling with event detection algorithms has also been established
to describe thstate of the appliance ugE36]. Neverthelesshe appliance use patterns could be
stochastically described using dati@ven techniquesOnly a few stochastic models predict the
appliance use patterns in specific buildings, not in a raidsstl district[5]. Spiegel[137]
proposed an approach to identify the appliance use schedules considering the electric power

consumption change using Bayesian networks.
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The internal heat gains generated from electrical appliances are highly correlated with the
occupantsdé activities a8 RichardsereaaflB9poesentadiat h t h-
high-resolution timecorrelated appliance use model based on occupants' TUS data to estimate the
dwellings' annual electricity demand. The appliance activity (e.g., cooking) and the number of
active occupanthasbeen considered to determine the probability of appliance switching on at

each step.
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Figure9. Variation in daily plug load schedule (starting from Monday) with respect to occupant activities

2.5.2.2. Lighting schedules

Lighting scheduleare one of the parameters used to predict occupancy and assess building energy
consumption. While lighting load contributes to a considerable amount of energy consumption,
monitoring realtime lighting use could optimize the buildings' energy efficigddp]. Buildings'

occupants meet their netat visual comfort by interacting with the lighting system. Therefore, a
correlation between | ighting energy use and
model the lighting use schedules. As an example, the lighting load variation witht respec

occupant activity schedule in residential buildings is shown in Figure 10. The figure shows that
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the lighting load follows the occupant activity pattern and is different for each building. Assigning

a fixed/default schedule for several buildings leads to uncertainty in UBEM results. Also, Zhou et
al.[141] found that the lighting energy use is mainly driven by the occupancy schedules. Reinhart
[132] proposed the LightswiteB002 to model the lighting energy consumption. The annual
occupancy schedules and illuminance use patterns are the input of the Ligh&80icmodel.

Another approach to model the occupant action related to lighting systerm ingglementing
probabilistic modeling and different machine learning algorithms such as Support Vector Machine
(SVM) and knearest neighbors{KN) [99]. A high-resolution domestic lighting demand model

was proposed by Richardsonefafi2]t hat consi ders the natural | i
activities. They generated the residential buildings' lighting electricity demand profiles using a

time-series active occupancy schedule.
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2.5.2.3. Temperature setpoint schedules

Temperature setpoint schedules are a crucial input to simulate the HVAC system performance in
buildings. The occupant spabeating/cooling operation is influenced by several drivers,
including environmental factors, building system, and occupsated &ctorg143]. The NECB's
assumptions associated with the living spaces' heating and cooling setpointaam@25C,
respectively[98]. Generally, widening the setpoint temperature could conserve the energy
demand, especially during the night and when the building is unoccifledBesides, in the
design stage, considering a higher setpoint temperature in the summer and a lower setpoint in the
winter could lead to a more efficient HVAC system. In building energy simulation, typical setpoint
temperature schedules are applied. Sitlbe occupants occasionally adjust the setpoint
temperature schedules, applying default profiles in building energy demand simulation leads to a

gap between simulated and actual energy consumj&@jn

Chuck et al[144]r eport ed t hat variation in input rel at
in building energy simulations could impact the heating and cooling demand predictions up to
10%. The setpoints temperature schedules could be extracted from building mariaysteens

data[145] and thermostat dafa46]. A logistic regression model can approximate the frequency

of thermostat interactions while the indoor temperature is considered the predictor Vadidhle
Fabietal[148]pr oposed a probabilistic model to si mul
controls using the measurement of thermostat
al. [149] applied a neural network algorithm to learn the tuependent HVAC setpoints to

provide the possibility that the HVAC system automatically adapts to the occupant temperature
preferences in commercial and office buildings. They concluded that using dytesngierature

setpoints leads to an energgving between 4% to 25% compared to the fixed schedules at the low
values of the preferred temperature range. Ren Eit5l] used data mining techniques to derive

the distinct room temperature behavioral patterns using temperature data collected from 62
apartments. Their results indicated different room temperature profiles among the considered
apartments and that the spacetimgasystem's operations (cycling frequency) were found to be

more frequent than expected because of the tight range of the thermostat settings. Panchabikesan
et al.[146] used the timeseries clustering method to extract distinct patterns of average daily
heating and cooling setpoint temperatures in residential buildings, which can be used in energy
simulations as the replacement of the fixed schedules from standardheFanalysis, data
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collected from around 13,000 residential buildings across Canada was used. In addition to the
clustering analysis, the authors used random forest model to determine the relative importance of

different attributes that influence average thermostat setpferences.

2.5.2.4. Domestic hot water usage

Domestic hot water (DHW) usage another significant driver in different building types energy
consumpti on. Extracting the detailed DHW sch
energy efficiency reliably and optimizing the control operating systems. The influential parameters
on water consumption include climatic conditions, seasonality, smoaomic factors, and the
building use typ¢88]. Like other usage profiles, the DHW profiles applied in the building energy
simulation are extracted from technical standards, representing the identical water consumption of
each day of the year. Several methods have been proposed to generate the idé8Mmeiuding
stochastic modeld51], forecasting the DHW consumption of individual residential houses using
estimated exponential smoothing, autoregressive integrated moving average (ARIMA), and
seasonal decomposition modgl2], machine learnindpased models such as ANNS53],
statistical approaches, and letggm filed recording DHW consumption data. Since the DHW

patterns are geographically dependent, the local measurement must tune the DHWIbé[els

2.5.Implementation of OB in UBEM

2.5.1.Some occupanicentric datasets for extracting occupant related inputs at the

urban scale

In general, monitoring the OB is complicated due to its spatial and temporal stochastic nature and
privacy issueg155]. Therefore, OB is often expressed based on the probability of the actions
carried out by the occupants. In the past, the occupancy presence data were collected using a
guestionnaire as a simple method considering the daily pattern of presence andjttéii

One example of the questionnaire dataset is the American time use survey (ATUS) dataset
containing information collected from 210,000 interviews from households across America from
2003 to 2019157]. ATUS is a robust public dataset containing the details on the amount of time
people spend doing | ifedbds activities, 157.ncl udi
This dataset was widely used to identify the occupancy schefii8§ [159]. The UBEM
platforms, including [53], [61], [64], used the TUS data indirectly by applying Richardson
occupancy models connecting to urban building energy simulation. The 2015 Survey of household
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energy use (SHEU) is another nationwide data collected from several Canadian households,
including selfreported heating and cooling setpoif8]. The SHEU result does not differentiate

the cooling setpoints for homes with and withouwtcanditioning and dwelling ownership status.
Although SHEU surveyed the temperature setpoints in several thousand households across
Canada, the simulation resudtlimited for OB modeling and energy management purposes due to

not providing highresolution data.

In recent years, urban occupaeintric data sets are being collected through several heterogeneous
sources such as sendm@sed and IoT data, mobility, city imabgased data, building energy, and
occupancy data. Sensbased technologies are another aldé approach to detect and estimate
occupancy[160]. However, using sensors to collect occupancy data has limitations such as
installation and maintenance costs and probable errors due to the installation origgftibme
sensotbased data enables the energy modelers to effectively improve the active occupancy
schedules to obtain the occupant's stochastic nft6dd. Regarding the sensbased dataset

avail able for modeling the occupancy at the
program{162]i s a potential data source to understano
settings and to derive occupant schedules in residential buildings. The data is collected from
different countries; however, most of the data is collected from resafi&uniidings located in

North Americg109]. The thermostats have PIR motion detection sensors which could be used for
occupancy modeling. Huchuk et 18] evaluated various machine learning models to predict
occupancy motion state using ecobee's Donate Your Data dataset collected by modern connected
thermostats in residential buildinghey found that in order to collect the occupancy data
effectively, the number of sensors and their placement, the number of people at home, and people's
general mobility pattern would be significant.

Pecan Street institute provides higdsolution data of approximately 1,000 homes in Texas,
Colorado, California, and New York in the JB53], [164]. The dataset consists of electricity in
1-second, dminute, and 18ninutes resolution, indoor temperature, water data, gas data. Hoon
Yoon et al.[165] used Pecan Street data to design the internal gain and occupancy schedules to
analyze the HVAC power consumption of residential buildings. The Building Data Genome
Project 2 is an opesource dataset collected to represent the errelgted data from 136 non
residential buildings at an hourly frequency for two years across North America and Hé@)pe

This dataset includes building electricity, water, steam, solar, and irrigation data. The metadata of
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each building contains the use type, area, weather, and year built. Miller and Mggjers
presented a framework to characterize the mbdeéd and pattettmased behavior by feature

extraction using Building Data Genome Project dataset.

Development of the mobile positioning data and IoT as a modern technology has provided the
possibility of deriving more realistic occupancy profiles to analyze its impact on the urban building
performancg49]. Wi-Fi connection is a data source that occupancy and plug loads schedules could
derive[167]. Hou et al.[47] proposed a novel framework to model the interaction between the
building occupants and urban energy systems usingi\ifrastructure to extract the occupancy
profiles. Thereat i me data extracted from LBS such as
usal to determine the number of occupants in a specific building in the structure of typzai24
profiles of each day of the we¢48]. The process of applying the LBS data comprises the data
collection, categorization of the places based on the building types, and extracting the occupancy
schedules. Happle et d48] pointed out that collecting enough LBS data to run meaningful
statistical analysis is feasible in large cities. However, several challenges exist in LBS data
collection, data processing, and data validation. For instance, probable biases in datancollectio
may happen once the data is gathered in larger cities or in a particular group with more cell phone
ownership. The studies indicate that the extracted occupancy schedules from social networking

services follow a similar trend with a slight differenté8].

The novel imagdased technology is another source that provides the positioning and orientation
information for the occupants in re@ne. Digital image processing and thdienensional
reconstruction have been developed to detect the human posentbiatimsformly distributed in

the buildings[169]. Meng et al.[170] developed a redlme estimation method to detect the
number of indoor occupants to control the HVAC system by integrating image information. In
another study, Petersen et @I71] proposed an imageased method to detect the occupants
anonymously by the ceilingmounted cameras. They acknowledged that their method has a 99%
accuracy in a three weeklong room occupancy test. Choi et al. [157] tested the applicability of
vision-based ocupancy counting in office buildings with deep learning algorithms. Also, they
evaluated the performance of the method on the occueatric control strategies to the HVAC
system. Although most of the studies which used intsged data are in the build scale, this
occuparvcentric data source could potentially be applied to detect the occupancy at urban level.
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2.5.2.Unified Modeling Language (UML) diagram representing occupant related

inputs in UBEM

Urban building energy simulation work with a variety of data source of different size and format
[172]. To organize the required input data of the UBEM models, assembling all the datasets
extracted from surveys, city datasets, and public records into a single standardized database is
essentia[4]. CityGML is a data model that several UBEM models use to represent the 3D city
models and the semantics to predict the district building energy deihzBid CityBES served

urban data model to stodata from various sources and provides the input parameters of
themodeling, simulation, and visualizatifg9]. In this platform, CityGML as arXML -based

open data modeés exploited to provide a standardized geometry madelexchange thdata
between the building energy model and otlmyan analysis platform3he Energy Application
Domain Extension (ADE) extends the CityGML standard by eneztated features required to
simulate a standlone building's energy or city scale. TEASER utilized CityGML EnergyADE to
export the enriched urban building informati@3]. As one of the modules of the EnergyADE of
CityGML, the OB module enables the building OB mgdé&13]. The OB module consists of the
classes representing the occupancy and occupkated parameters required for an energy
simulation. The operating schedules such as heating, cooling, and ventilation schedules could
specify the indoor climate condition. &loccupantelated classes are associated with the building
unit and the usage and thermal zone classes (buitdlated objects) in the upper level. Figure 11
shows the occupant behavior UML diagram that could connect to UBEM models providing the

occupatrelated inputs.
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2.5.3.Level of details and cesimulation required to represent OB in UBEM

This section discusses the challenges, the level of detail, asichatation required to represent
occuparvrelated input parameters in UBEM. Although several UBEM occupant input parameters
were considered, there are still discussions on how detaileshghe data should be. Do the
simplified deterministic schedules support UBEM as an appropriate tool to estimate the energy
demand? Or the complex probabilistic models and ABM are required to model the occupancy in
the buildings accurately. In most UBEMbgtoccupancy and OB models defined at the building
scale are generalized as the urban scale's occupancy M&{leLiterature indicated that
developingoccupancy modslthat dynamically simulate the occupant schedules quuidde
relatively accurate simulatioresults and pavetheway to identifyenergyefficient
strategiesNevertheless, Romefd0] reported thaalthough the stochastltased model proposed
by Pageetal]9l]c an represent the occupantdés tempor al
will converge towards similar schedules used in the deterministic model. This is because of
consideration of the occupant schedules from the deterministic approach fortiggntéra

stochastic schedules. The same authors provided the concluding remark to the question of which
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model should be used for UBEM. They stated that simple occupancy models (deterministic
schedul es) are good enough to assegmmrlytsdtale. bui | c
The effect of accounting for the temporal variations of the occupdets when assessing the
building's yearly demand, especially in spheatingdominated countrie§96]. However,

occupants' dynamic nature plays a significant role in assessing the hourly energy demand and
predicting the peak demands. In this case, more detailed occupancy models such as probabilistic
models and ABM could be considered so that the uncertairthe simulation results shall be
reduced34], [9], [5], [96], [174]

While previous studies indicate that stochastic occupancy modeling reduces the uncertainty related
to the variation of the occupant behavior, according to Table 1, among the 24 studies reviewed at
the urban scale, 50% of the studies used the stochastipaomy modeling approach. Further, it

is observed that the urb@cale stochastic occupancy models are used for speciftgpesse (80%

and 20% for residential and office buildings, respectively), not for a migedlistrict. One reason

for this could bethat developing the stochastic occupancy models for urban scale modeling is
computationally intensive and requires large behavior datasets that are not commonly available for
all the building type$29]. One of the significant challenges of UBEM is providing appropriate
inputs for several parameters and reducing the uncertainties in the estimated energy demand. The
studies indicated that the main reason for the challenges mentioned above is the dntikclgf p
available occupartelated data for different building typg$8]. Besides, the available datasets,

especially electricity loads, are aggregated data, and disaggregation is challenging.

In addition to the level of details regarding the occupancy, it is also important to discuss the OB
related data input methodsr the simulation engines. The representation and implementation
approach of the OB models to the energy simulation engine includes direct inpuity [QHt
models, user function or custom code, angicaulation, which should be properly integrated with
building performance simulation prograrst]. The definition of cesimulation, examples for €eo
simulation in BPS, workflow for egimulation approach, and implementation of OB models in
BPS are reviewed in detail {d4]. If the deterministic models are applied, the schedules and
related parameters could be given as direct input. However, linking the stochastic OB models to
UBEM needs a cgimulation to generate the occupancy and occumated schedules. The-co
simulaton approach allows the occupastated schedules to be simulated by different simulation
tools integrating with the BPS progrdii/5]. For example, Hong et dlL76] developed an OB
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functional mockup unit (obFMU) to simulate the OB. In another study, Hong &7 d].developed

an occupant behavior XML (obXML) schema to implement the drivers, needs, actions, and
systems (DNASJ178] framework to represent OB in building simulation engines. In the study,
the operation of the HVAC system and window blinds were provided as two examples to
demonstrate the functionality of the developed obXML schema. Chen|[&78].proposed an
approach to analyze and visualize the OB in the office buildings using the obFMU threugh co
simulation with EnergyPlus. Another example ofstmulation is th&stROBe, a residential human
behavioral model that exploited the TUS data and household budget survey to model households'
heating load, plug loads, DHW, and internal heat gfi6$ Occupancy chains and household
membersdé6 activities are generated using survi\
of the district energy simulations regarding ra®terministic OB have been addressed in the
StROBe mode[56].

2.6. Conclusion and Discussions

The present study aimed at investigating the research works to extract the ccempant
parameters for UBEM. Initially, an overview of UBEM is presented, and later, the focus is shifted
towards summarizing the different occupancy modeling approadf@d®saing their advantages

and disadvantages, highlighting the correlation between occupancy and their energy use behaviors.
The importance obccupant centrit)/BEM is emphasized. Further, some potential urban datasets
that can be used to develop detaitedtupancy models are suggested. A brief discussion on
occupant behavior UML diagram represents how to implement different ocaetetet inputs

in the UBEM is made. Finally, a discussion is made on the level of details ssich@ation

required to repreent OB models in UBEM.

OB modeling is a mulfaceted subject that requires understanding of occupancy, occupant energy
use behavior, and data from different building use types in temporal and spatial aspects.
Previously, exploring the uncertainty in UBEM due to occupalatednputs is siddined in most
research works because of the model complexity and lack of data availability. Subsequently,
simple/fixed schedules were assigned for multiple buildings, resulting in a significant difference
between the simulation and the maasl data. In recent times, the installation of smart energy
meters, thermostats, and BEMS has gained momentum and collected different data in buildings,

including occupancy. Accordingly, research on occupant energy use behavior, developing
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occupancy models using different approaches, and implementing the model outputs in BPS have
increased substantially. Specifically, if the objective of UBEM is to perform the peak load analysis
and explore energgfficient strategies, probabilistic occupgnmodels and ABM in BPS are
recommended in the literature. However, most probabilistic models were developed for residential
and office buildings. The models focused on other types of buildings are scarce. The other
unspoken topic in the literature emplzas the importance of defining harmonized schedules for
occupant presence and occupant energy usage in energy simulation. Since the receptacle, lighting,
thermostat setpoint temperature schedules, and DHW usage are highly correlated with occupant
presenceschedule (especially in residential buildings), assigning a coordinated input for

occupancy and occupant energy use behavior is crucial BPS.

The literature review's main understanding is that each occupancy modeling approach has its
advantages/disadvantages, and domain knowledge is crucial for adopting a suitable modeling
approach based on the requirements. For instance, a simple determmoid¢iing approach is
sufficient to estimate the buildings' energy demand on gesably or yearly scale and design the
energy systems' appropriate size. If the goal is to estimate the hourly energy demand and
implement energy management strategies ancddmesponse programs at the urban scale, more
detailed occupancy models such as probabilistic approaches or ABM must be followed. However,
very few studies explored the outcomes of deterministic, probabilistic stochastic occupancy
models at an urban scaed compared the uncertainties in the simulation results. In this context,
future research must be considered for UBEM results' uncertainties by employing different
occupancy modeling approaches. This would provide guidelines for choosing suitable ogcupan
models or developing hybrid occupancy models by making a-tfideetween the model
complexity, accuracy, and data requirements. The other understanding from the literature is that
the lack of sufficient occupamelated datasets is the major hurdledeveloping a detailed
occupancy model for UBEM. In this regard, the use of data collected from different sensing
techniques and TUS data is important. Developing a genericidaéan model that systematically
extracts the dynamic occupancy schedules frioencollected data (from different building use
types) is the other scope for future research in this field. These distinct schedules could be used

later to develop stochastimsed occupancy models.
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Chapter 3: Structuring heterogeneous urban data: a framework to
develop the data model for energy simulation of cities

3.1.0Overview

Globally, there isaccelerating interest in cities and the analysis of their underlying systems to
understand, project, and propose sustainable energy transformations. These urban areas represent
a complex combination of heterogeneous data, which complicates the proceggneteng
modeling and predicting changes that could occur. Identifying the data sources relateahto

objects and their associated characteristics is essential. While some schemas are developed to
collect, consolidate, and organize the required gatz) as CityGML, to describe urban geometry
semantically, they lack the capability to include different use cases and objectives to adequately
parametrize simulation models. There iaek of awell-structuredramework for data modeling

to efficiently organize the dispersed dateded for urban energy simulation. This article proposes

a framework to develop urban data models connecting with urban energy modeling tools for
energy assessments in the <city cont & Rrovel The
implementation methodology for processing, modeling, capturing the results, and populating other
existing standard data formats. The data model represents a key element in a novel urban
simulation platform and aims at reahe capturing, storingand investigating the various aspects

of city-scale behavior and performance.

3.2.Introduction

Cities are responsible for more than 70% of global energy use and associated greenhouse gas
emissiong180]. Therefore, many cities are planning decarbonization strategies and enhancing
sustainability and resilience to achieve-meto emissions. To reduce urban Qfnissions, an

urban modeling platform could help to simulate the status quo of the carbon balance of all major
sectors. To support strategic planning and decisiaking, digital twins of cities are gaining
importance, and integrating with urban modeling can help desmigh operate smart cities
efficiently [181]. Urban energy modeling has a wide range of applications, from demand analysis

for supply planning and optimizing purposes, urban planning, and new neighborhood d#isign

2 S. Dabirianet al, AEnergy & Buildings Structuring heterogeneou
model for energy sHnengy | Buitdi woh 296, f no. culyt ip.e $13396, 2023, doi:
10.1016/j.enbuild.2023.113376.
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exploring energy efficiency, to retrofitting solutiofi82], and assessing their impacts on energy
consumption at the urban scalEo reduce urban CQemissios, all major sectors of CO
generation (e.g., buildings, transportation, waste, industry) should be indludesa urban
modeling platform.

The fundamental problem in urban energy modeling and simulation is the lack of adequate and
suitable data, standardized data collection and exchange, lacksmhalation supporfl5], and
inflexibility of the models and input parametdi83]. Various data sources might be used to
collect urban data, including municipalities’ open data portals, census data, building geometrical
and 3D models, surveys, meteorological data, and building permits. In contrast, access to the
mentioned data is oftem cumbersome task. In addition, best data modeling practices have not
been utilized to standardize and facilitate the implementation of eneliaggd simulationgL84).

Urban building energy modeling platforms usually use various mechanisms to organize and
harmonize heterogeneous urban data sources usadwationinputs. For exampleityBES, a
physicsbased dynamic simulation tool, uses CityGML to represent the urban building stock
geometry185]. The Energy Application Domain Extension (ADE) concept is used in CityBES to
exchange energselated data such as construction and material, schedules, and energy system
information. To simulate the building energy in CityBES, OpenStudio with an edjected
structure helps to createodelsbased on limited available data. Building archetypes defined in
CityBES provide the buildings' characteristics related to the thermal envelope, which meet the
ASHRAE 90.1 minimal requirements. In CityBES, the buitdimformation is limited to the
ASHRAE fixed values. Another urban building energy modeling (UBEM) tool, TEASER,
integrates the archetypes based on the German building38cKEASER provides an interface

for multiple data sources, enrichment, and export of réadyn Modelica simulation models
[23][186].

To enable complex simulations within a platform, encapsulating and connecting different
wor kfl ows and models and facilitati(l8ljgThda he mo
capability of the whole system will depend on the capabilities of its underlying components, such
as workflows and models. An urban platform theoretically has no restriction to simulate many
urban phenomena; however, data organization could makeoinplicated problem. Therefore,
providing standardized programdependent data models will facilitate data exchange and reuse
between models. A standardized workflow is required to organize, map, and integrate data to

generate a citgcale dataset for ban energy modeling purposes and interoperability. Although
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simplified input parameters are being used in modeling the energy supply and demand (especially
urban scale modeling), there is still a lack of standardized data models that support and provide
detailed energy modeling requirements in the urban cofité®{. Consequently, data access and

data management often become challenging and complicated tasks. Therefore, few urban energy

modeling platforms support different domains of energy modeling at the city scale.

To address the mentioned gaps, this paper proposes a framework to develop urban data models
connecting with an urban energy modeling platform for different applications, from 3D modeling

of the buildings to dynamic network simulation. Besides, it discudas@smodeling concepts for

the required data and the integration into an urban modeling platform. The main goal of this study
is to provide a harmonized data model to improve the flexibility and workability of urban data in
the energy simulation conteXthe urban data model facilitates the organization and storing of the
input and output data to analyze, simulate and optimize the urban infrastructure with higher
quality. The process of this framework is illustrated in five data models in the buildingyener
simulation domain. Also, the integration and workability of some of the developed data models
connecting to the Tools4Citi¢s87] urban energy simulation platform are described.

All in all, this study aims to (1) provide the an introduction to the necessity of the data modeling
in energy modeling context, by also (2) giving an overview of its background in anexgy
modeling, (3) describe the central data model of the Tools4Cities platform and its interoperability
with existing urban simulation tools, (4) describe the data model creation includingits structure
and the connection to energy modeling platformsP¢dvide five data models for the UBEM, (6)
illustrate the deployment of the developed data models to perform urban building energy
simulations, and finally (7) provide a discussion and conclusion of the study.

3.3.Data modeling background in the urban energy modeling context

For urban energy simulation, the purpose of the modeling plays the most important role in selecting
the appropriate data (regarding its availability and level of defa88]. In order to model the

urban energy, required data are provided from different sources that are primarily measured (e.g.,
LIDAR, IoT), estimated (e.g., survey, census data), assumed, or mathematically derived from
physical propertiegEl89]. As an example, the geometry and height of a building can be estimated
using LIDAR (Light Detection and Ranging) measuremd68]. Realtime data from smart

meters installed in buildings can be used to model urban energy usage patterns agtlifately

41| Page



Data can be collected from surveys conducted among residents or businesses regarding energy
consumption behaviors, such as the use of appliances, heating and cooling preferences, and
lighting selections. Furthermore, through mathematical models suchrgy éaéance equations

or regression models, buildings can be estimated according to their physical properties, such as

their insulation levels, materials, and window sizes.

A comprehensive urban energy platform may include different plugins to model the urban building
energy, urban energy systems, transportation, vegetation, waste and recycling, and livability of the
neighborhood, district, or cityr{gure12) [187]. In other words, urban energy modeling platforms

can focus on different aspects of urban modeling.

Urban Energy Modeling

Buildings Energy Systems Transportation Vegetation Waste & Recycling Livability

Figurel2. Urban energy modelingiatform components

In this regard, each plugin requires a wide range of input parameters. For example, in the buildings
plugin, input parameters include a set of information such as geometric features (building
geometry), nofgeometric features (e.g., construction year, liygy and the number of floors),
construction material (thermal properties), climate data, usage schedules, energy system
characteristics, and energy y4®]. The data sources to provide the mentioned parameters are
heterogeneous in terms of their size and format from one country to another, even for two cities in

a country[9].

The necessity of organization and harmonization of heterogeneous urban data sources justify the
need for a structured framework. Numerous methods have been developed over the years and use
cases for structuring, modeling, and creating data models, stéxtimga simple database or
standardized structure and reaching central data mdd@$ls Figure13 presents the approaches
utilized in previous research to organize the required parameters for urban energy modeling
platforms. The urban dataused to model the city entities (e.g., buildings, infrastructures, roads,
transporrelated objects, vegetation, water bodies, and waste) and their interdependencies to
inform different stakeholders for decistomaking.A data model is a formalized structure to organize

the data, show the whole system or parts of it, and standardize the relationship bditpieers of data

42| Page



in the systemThe main objective is to represent the data types stored in the system, the relationships
between these data types, and the methods used for data organization. Significantly, the data model is
separatd from the data itself and it says nothing about where these are physically stored.

((©

Simple database . .
Data sources Simulation models

Files
Standards
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Sensor Networks and loT Data CityGM
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Figurel3. Potential approaches of dataganization for urban energy modeling

In the context of urban energy simulatialgta models can provide detailed information with high
guality as well as flexibility in selecting the data sources (e.g-bgsed data sources, building
characteristics) with the possibility of comparing various eneetpted input parameters such as
construction material, energy systems, electrical appliances, and user bgAhvienrom the
literature, four different trends have been identified for providing the required inputs for energy
modeling, including (1) creating a simple database, (2) a standardized data model, (3)

library/catalogs, and (4) a city digital twin.

3.3.1.Simple database approach

In the first approach, the platfomses a simple database mainly focused onlak®d information

in the building energy simulation scope. In such platforths, other parameters, including
building envelope layering, energy systems information, and occuoglated schedules, are
simply assigned to the building 3D model with the average values and standards as for building

scheduleg191]. The required data is directly defined in the simulation platform using a simple
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database. This approach simply stored the information in a database connected to the simulation
tools. Geographic Information Systems (GIS) were exploited in some platforms to organize and
analyze spatial data for urban energy modeir82]. GIS tools such as QGI&93] are used to

create digital maps displaying enengglated data, such as building energy use, solar and wind
potential. According to Amirth et aJ194], the SimStock plugin for QGIS is capable of running
multiple EnergyPlus simulations of buildings using simply the CSV format to organize the data.
In spite of the fact that this approach simply provides the input parameters for the urban energy
modeling, it does not cover all aspects and concentrates on a specific purpose, such as the

simulation of building energy demand.

3.3.2.Standardized structure approach

Standardized data models such as CityGML with its Energy ADE are the second approach to
assign the geometrical information and enamgjgted data to the simulation tooEtyGML is an
international standard data model adopted by the Open Geospatial Consortium[{9&CYityGML
represents the 3D city objects such as buildings and their senm{d8¢sSince CityGML does

not directly support the energglated aspects of the city, in 2013, an international consortium of
urban energy modelers and Geolnformatic researchers provided a stoaskdddata model
called the Energypplication Domain Extensions (EnerdyDE) of CityGML [173][197][198]. In
addition to the geometry aspect, new classes and attripeitzsning to the urban energy domain were
extended from the existing classes and attributes of CityGML using an additional XML schema called
ADE. Different ADEs, such as Energy ADE, Noise ADE, Utility Network ADE, Foddter
Energy ADE can be integrated with CityGML enriched by the object information to generate the
Geographic Markup Language (GML) file in an XML schema employing ISO 19100 stisndar
[199]. GML is a subset of XML that encodes spatial and syatial properties of geographic data.

All ADEs are either specified in XML schema definition (XSD) or with Unified Modeling
Language (UML)[199]. Figure 14 indicates the Connection of ADEs to CityGML and creating
XML schema to provide required data for urban modeling purd@Sés
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Figurel4. Connection of ADEs to CityGML and creating XML schema to provide required data for urban modeling peBposes

The objective of defining such an XML schema for the urban energy domain is to provide a
standardized schema for data interoperability of the urban features and integrate them to deliver
guality data on building physics, materials, construction, enerdgrags and occupant behavior
[200]. The Energy ADE facilitates the interoperability between enestated applications and

uses for a bottorap building energy assessment. Also, the Energy ADE manages the-energy
related data for building energy demand simulation purposes. Several urbalingelatforms,

such as CityBE$185], CitySim[201], or SimStad{202][203], have exploited Energy ADE for

data organization. For example, CityBE85] uses CityGML to provide a standardized geometry
model (input format of the building geometry) and exchange the data between the building energy

model and other urban analysis platforms.

Energy ADE comprises different functional modules such as construction, material, occupant
behavior (people and facilities), and energy systems. However, the Energy ADE focuses on the
buildings and their semantics and does not address other importans asjpbcas transportation,
water management, and air quality in the cities. As a result, it may not be suitable for
comprehensive urban planning and design. Moreover, the Energy ADE adds a large amount of
data to CityGML, which can increase the amounttofagje and processing required. This can

make it more challenging to work with and can impact performance.

Utilizing the Energy ADE requires exploiting different methods to connect the data sources and
tools, which icumbersomand complicated. Therefore, Energy ADE may not be compatible with

all software and tools with CityGML. Besides, some information, such as renewable energy
systems is not represented in Energy ADE and does not support the possibility of dealing with

different simulation scenarios. Additionally, the Energy ADE requires ongoing maintenance to
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ensure it remains uf-date and compatible with new versions of CityGML. Implementation and

use of this system can be complicated and costly as a result.

3.3.3.Catalog/library approach

In the third approach, a data structuréha formatof a catalog is developed. A data structure is
called a catalog in the database community and a library in the building performance studies. The
libraries are mostly open source, documented, and freely available to integrate with building
simulation tools For exampl e, I nternational Energy
Communities Programme (IEA EBC), Annex 60, developed-gereration energy simulation

tools at both building and community scal@f4]. A catalog is a data structure containing the
technical/commercial information of the system's components. Catalogs facilitate the coherent
sharing of data sources between users and offer the possibility of expanding the content within
them. Creating andipdating catalogs is systematically implemented by domain experts. The
catalogs should be independent and added asiqdug the software to increase the modularity

of the simulation tools.

One of the most prominent examples of the library is the structure the U.S. Department of Energy
(DOE) has exploited to develop reference buildings called archgB@&ls To simulate buildings
quickly, the UBEM platforms use archetypes representing the building [206k By providing
complete descriptions of whole buildings, these reference buildings play an important role in
developing the UBEM platformfg73][79]. The main limitation of structuring building data in
archetype format is that it does not encompass all buildings individually. In this approach, due to
a lack of data and modeling complexity buildings must be classified based on limited parameters
such & building type, construction year, and other simple attrif@@4]. Therefore, in order to
simplify the model, each input parameter is considered to be the average of all similar parameters
with different quantities collected from multiple buildings. Complex building modeling requires
significant computational time and resources in UBEM. Additionally, the existing archetypes' data

is deterministic and does not support dynamic energy modeaj

3.3.4.Central data model/city digital twin approach
The fourth approach, creating the digital twin connecting to different data sources, is a novel
approach that has prospered with the development of the Internet of Things (1oT) and the collection

of a large amount of urban data. One pioneer urban enerdglimg platform that has exploited
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the fourth approach i$ools4Cities. Tools4Cities is an urban simulation platform designed and
developed at the Next Generation Cities Institute, Concordia University, Canada. Tools4Cities
aims to model cities in a holistic approach, including buildings, transportation, erystgyns,

and networks, as well as waste management.

In Tools4Cities, a central data model (CDM) has been designed to store and organize the input
parameters required by models ranging from building to transportation and waste management.
This allows access to and retrieval of any model's inputs. To dat€DM has focused on the
UBEM aspect of urban modelings an example, one of the main inputs in UBEM is the building's
construction/material characteristics. This information could be organized in a data structure like
a catalog. Materials, their propedi and assembled construction (for walls, roofs, floors, and
openings) are presented in this catalog, most of which are provided by standard organizations or
manufacturers. The construction/material catalog allows for extending existing materials
informaion and customizing construction layers. The objective of this catalog is to enrich the 3D
model of the buildings with the necessary envelop construction information for the simulation of
building performance. To this end, Construction Import Factory itagbe required data from
standards or any other data sources and assigns it to the various components of the envelope of a

specific building or archetype.

A simple format of the fourth approach has been used in previous urban energy modeling
platforms.Robinson et al[66] in SUNtool defined an integrated solver to simulate the flows of
energy and matter, which is sensitive to microclimate, stochastic behavior of the occupants, and
the relationship between buildings and district heating networks. For this purpose, fenandiff

C++ classes were defined to support the data structure required for microclimate, thermal,
stochastic, and plant. A factory creates and populates the mentioned classes and is handed to an
instance of the solver. However, the structure of the dat@lsiadeated in SUNtool and similar
platforms are pretty simple and support only specific aspects of energy modeling. While in
Tools4Cities, the CDM is worked as a digital twin of the city to flexibly support various domains

in urban modeling. The CDM supgte multiple applications, from modeling the energy demand
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of one single building to dynamic network simulation. The Tools4Cities data model is described

in detail in section 3.

3.4.Central data model for the urban energy modeling platform Tools4Cities

Since various parameters are required to implement a comprehensive urban energy modeling,
compiling, and combining a wide range of heterogeneous data sources is challenging. Providing
the urban energy simulation input parameters and-gosessing the ocbme of different
scenarios need a framework. The framework proposed in this study is developed for the
Tools4Cities platform, whose primary task is to perform simulations of urban phenomena. The
main components of this platform are different workflowsuio models for particular purposes.

To provide the required data for the modeling, a CDM is developed to exchange the information
of the external data sources with the modeling tools. The CDM is afleaiibie data structure

that harmonizes the informatiofluxes to reduce the data preparation efforts for simulation
purposes. Being seriexible means the CDM can be extended by new classes or adding new

attributes to the existing classes. But it remains stable for the already defined parts.

In addition to the CDM, a rigid or semgid data structure called Catalog is developed to provide
information regarding the system components in any domain. The system components, their
related details, characteristics, and descriptions are tabuldtezldatalog. The catalogs facilitate
information sharing between users and offer the opportunity to extend the information within the
catalogs. Each catalog is related to a specific system component containing unique identifying
parameters and charactegstthat could be used within the Tools4Cities platform. The data stored

in catalogs are casspecific and sometimes provided by standards or manufacturer information.

Since each model has its own specification, the CDM prepares the data to match these
specifications for running simulation models with the needed input data. With a modular structure,
the CDM is considered a city digital twin, which is callable by sevecdd and engines. The CDM

must retrieve the data from any sources showhigare 13, using Import Factory again where
necessary, and convert the data into the format described by the CDM. This allows the data to be
accessed by multiple tools in multiple workflows with a unique and-destribed data structure.

Centralizing the data model provides two significant benefits: (1) all the workflows that run the
different models can use the same data model, and (2) there is no duplication of data representation.
Therefore, the CDM reduces the number of iteration®otmect a data source to a specific tool
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(Figure 15). It means that, for example, a building only needs to be represented in one way,
regardless of how many models want to use it. This is efficient from both a memory and a
processing perspective. It also reduces the risk of errors due to having two odiffesent
versions of the same object that may become inconsistent. Also, a CDM creates the opportunity of
comparing scenarios using various data sources and tools. For each scenario, simulations are run,
and the results are stored to represent the grepef behavior (such as occupaelated usages,
building demands, traffic flow, and waste recycling) of the urban system. For instance, to simulate
the thermal demand of a building using EnergyPlus, the required input data is called from the
CDM,andaf er running, the result is returned to
be sent in the proprietary formats understood by that model (in this example, thermal demand
simulation modeling with EnergyPlus). The platform provides factories dimeg¢a&sily export data

to the format required.

Figurel5. The general concept of the CDM of the urban modeling taab (D refers to the data sources, andtd T, relates

to the tools)

3.5. Data model creation
Figurel6illustrates an overview of the proposed workflow to create the data models connecting
to an urban simulation platform. The outcome of this workflow is an interoperable data model

for the urban energy modeling domain.
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Figurel6. Proposed workflow to create the data models and catalogs connecting to an urban simulation platform

Identifying the modeling's primary purpose is crucial to successfully developing a data model.
This can be very specific when defining catalogs, much more general for the CDM, but in any
case, the limits of their applicability must be specified. For eXantipe primary purpose of the
occupancy scheduling data model is to provide the required data for ocoelpéed modeling

(e.g., plug load schedules) integrated with the building energy simulation model. The fundamental
entities (classes and their ditrtes) are identified based on the project specifications or standards.
Thus, a conceptual data model, a Higbel visualization of the analytics processes that a model
could support, has been constructed. Relevant data sources such as a websitaprapplicat
programming interfacAPI), files, 10T data from sensors, and cloud databases must be mapped
to the data model to centralize the data access. The data model and its entities could be
implemented by developing the Python classes, generating Java flass&core class diagrams,

or combining these metho{209]. Data modelsan be described as an XML schema, an Entity
Relationship diagram, or a database schigid.

Catalogs are implemented in the Eclipse Ecore[&l]. Ecore is a metenodel within the Eclipse
modelingframework in whichJnified modelinglanguaggUML) class diagrams are created by
graphically developing the classes and their attribud®4. class diagrams are the mainstay of
objectoriented analysis and design that show the classes of the system, their interrelationships
(including inheritance, aggregation, and association), and the operations and attributes of the

classe$199]. Then the enumerations (describes a list of values, e.g., days of the week, construction
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type) and particular data types are defined. In addition to representing different entities with related
properties, the range of the values, and measurement units, the user can specify the aggregation

and relationships between the data model 6s ob

Ecore generates a code for the CRUD API and a user interface (Ul) to convert the conceptual data
model to a physical one. CRUD stands for create, read, update, and delete, which refers to the four
basic functions typically provided by database managermystems[210]. The Create operation

is used to create new records or resources. In most cases, data is sent to the API in a format such
as JSON or XML. A CRUD API is a web API that provides these basic operations for interacting
with a database or other data sourcés fiossible to retrieve existing records or resources using

the Read operation. To retrieve data, a request is typically sent to the APl with parameters
specifying the data to be retrieved. A record or resource can be deleted using the Delete operation.
To delete a record, data is typically sent to the API in order to identify the record. Besides, using
Ecore, a program code (in Python or Java) can be automatically generated, which contains the

semantic information of the data model.

On the other hand, the CDM approach exploits olpeented programminf211] to implement

the data model. They atemplateghat tell the computer how to depict the data of different city
objects. The CDM is simply a collection of classes representing every type of entity (for example,

a city, a building, a heat pump, or an abstract object such as a schedule) that themtbdels i
platform deal with and the relationships between them. A class has one or more attributes
describing all the information we need to know about this type of entity. For instance, the attributes
includedin the city class are the information required by any model in the platform which deals
with cities, either as inputs or outputs. The

and latitude, climate, and country code because many modeltoriasalv these attributes.

Required data connected to the developed data model are called to be used in the platform (for
modeling and simulation) using Import and Export Factories. The Import Factories are pieces of
code that call the required data and import to the CDM, whiclvided based on different parts

of the model. For example, the Geometry Importer can import geometrical dat@dagraphical

Markup Languag€GML), StandardlriangleLanguagéSTL), Object (OBJ), an@Geo JavaScript

Object Notation (GeoJasofgrmats or even extract the geometrical information from IDF files.

The Export Factories export the required data to the simulation tools formats. In that sense, it can
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export full IDF files as well as Insel files or XML for solar radiation algorithm (SRA), among
others.As the CDM is just an interface between data and models/tools, the instances of the city
are temporary; they only last while the workflow is in use. A persistence module was incorporated
into the CDM to permanently store the instances. This persistencelenm@ps the objects
parameters and stores them permanently in a database. Currently, the persistence module has
implementation for performing CRULRreae, read,delete andipdate) operations on city objects

and output of some simulations such as heat pump modeling.

3.5.1. Data modeling structure

A data model is simply a collection of classes representing every type of entity that the models in
the platform deal with and the relationships between them. A class diagram in UML is a data
structure showing thelasses of a system, their attributes, functions, and the relationships between
entities. Class diagrams are used for a wide variety of purposes, including both conceptual/domain
modeling and detailed design modeling. In order to understand the structieedata model, it

is necessary to und#and the concept of classes. A class describes a blueprint for creating objects
with similar attributes (properties), behavior (operations), common relationships to other entities,
and semantic meaningach class contains parts called attributes ¢hatalso be an object of
another class, in which case they can be decomposed into attributes and hdhgurets’/ shows

an example of a class and its attributes. ThermalZone refers to the name of the class, which has
attributessuch as floorArea, volume, and infiltrationRate.

= ThermalZone

» floorArea : EDouble =0.0 ’
volume : EDouble = 0.0
= infiltrationRate : EDouble = 0.0

Figurel7. An example of a class and its attributes in a data model

Objects are often associated with or related to other objects with three different types of
associations: association, aggregation/composition, and inheritance/generalization. Association
describes the simple connection between two classes when clasbé&s Ibeeonnected. In UML

class diagrams, associations are illustrated by a thin line connecting two classes. The optional label,

although highly recommended, is typically one or two words describing the association.

2| Page



Composition and aggregation are specific cases of association in which objects of one class own
objects of another. For example, the relationship of the objects of two classes, ThermalZone and
UsageZone, indicates each thermal zone is composed of zereetalshumbers of usage zones
(Figure18). The indicator [0..*] refers to multiplicities of associations labeled on either end of the
arrow. Referring td-igure 18, thermal zones are composed of zero to several usage zones. Two

ends of the arrow indicate the association type.

‘ = ThermalZone = UsageZone
= floorArea : EDouble = 0.0 = [0.."] composed ¢ floorArea : EDouble = 0.0
volume : EDouble = 0.0 = internalGains : EDouble = 0.0
= infiltrationRate : EDouble = 0.0 usedFloors : EChar
| = volumeGeometry : EDouble = 0.0
T

A

Figurel8. An example of the association between two classes

In another type of association, inheritance, one class can inhdftinttteonality of another class
(superclass) and then add new functionality of its Miimenever classes of objects share the same
attributes or associations, it is hardly preferred to repeatedly add that attribute or relation to all
classes. Instead, an abstract class indicates common attributes and associations that connect them

to subclasses that automatically inherit their superclass features.

3.5.2. Connection of data sources to simulation tools using CDM

After preparing the required data based on the proprietary formats of the CDM, they will be
assigned to the simulation tools using the component of the platform called Import and Export
Factories. For each catalog added to the urban platform, a uniqueédmsgareated and added to

the correspondent Import Factory: Geometry Factory, Construction Factory, EnergySystems
Factory, Weather Factory. Sufficed it to say once the import step is complete, the required data is
now fully represented internally in tli#DM. The same process is applicable to other data sources

than the catalogs, either external or internal.

Then, the Export Factories are responsible for exporting the data from CDM to the simulation tools
in each of their specific formats. The output of the models (simulation results) can be stored on the
platform using the persistence module. The workflow patrieve the output data from any
simulation results using Import Factories again. When the workflow calls a model multiple times

with different subsets of input data, the workflow must also retrieve the results after each call,
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building up a robust output data seigure 19 presents the structure of Tools4Cities and its hub,

including the CDM, importers, and exporters.

Platform
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Figurel9. The structure of Tools4Cities and the components of the hub for data organization

3.6. Data catalogs

To handle and connect heterogeneous urban data sources from various domains, different data

catalogs have been developed to provide requirements of the related workflows in the Tools4Cities
platform, listed below.

Occupancy scheduling catalog
Construction and material catalog
Greenery system catalog

Building retrofit enrichment catalog

o & w N e

Energy management catalog

Currently, the catalogs are primarily related to building energy modeling and are being further
developed. Other catalogs are under development to support the other domains (e.g., transportation
and waste management).

3.6.1. Occupancy scheduling catalog
Previous research has developed few occupancy data models to support the data organization of
occupantrelated parameters and informatifi®0]. In some of the available occupancy data

models (called as a library), users can select a specific occupancy model and use it in the building

54| Page



energy simulation models. Feng et §l61] proposed an occupancy module to include
representative occupancy models; the function mgrknterface (FMI) standard is used to
support the data exchange and integration of the simulation programs. In addition, the entities and
arrays that have been adoped can only support fixed schedules. Two main issues will be raised:
first, the need to recreate the XML file for each use case, and séretighdifference between

simulated and actual data.

Therefore, a data model is required to store and organize the occelpéed schedules and
parameters in different levels of detail and for a more realistic building energy modeling. The
occupancy scheduling data model developed in this study addrémsesbdvementioned
limitations and supports the occupancy modeling on building and urban scale. By defining the
Schedule class in four levels of detaflthe occupancy schedules, occupancy scheduling data
model provides the occupardlated schedules for energy simulation purposes. The oceupant
related schedules include occupancy presence and count, appliance and lighting usage, HVAC,
and domestic hot water arge profiles. The mentioned schedules are required to calculate the
internal heat gain and, subsequently, buildings' energy demand. Following-migettd
modeling, the occupancy scheduling data model integrates ocaefated information into the

urban platform. Notably, this data model can support the occupancy modeling for residential and

nonresidential buildings.

The CityGML Energy ADE specification has been considered a reference for creating the
occupancy scheduling data model. The occupant behavior module is one of the four CityGML
Energy ADE modulesRigure 20) [173]. The occupant behavior module consists of the classes

and attributes related to the building occupants and their interaction with the building systems

(People and Facilities) required for energy simulation.
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Energy ADE Modules
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For creating
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Figure20. CityGML Energy ADE modules

Using the Energy ADE specification, one building may have several usage zones represented by
the Usage Zone class. The occupant behavior module is related to the rest of the Energy ADE
modules through the Usage Zone class. The central concept is tordgfores of homogeneous

usage (Usage Zone), referenced by the Thermal Zone class. Arbitrary heating, cooling, and
ventilation schedules and occupants' total internal energy gains may be prescribed for each usage
zone. The usage zone's occupants and thespmnding households can be represented for more
detailed simulations. These classes include thermal zone, usage zone, building unit, occupants,
households, and facilities. Facility class is classified into fourctagses: HVAC, lighting,

electrical apphnces, and domestic hot water. Facility class allows considering the heat dissipation
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and lightjag2].

electrical appliances,

production,

hot water

by

caused

; H UsageZone _

[0.%] composed 7 floorArea : EDouble = 0.0

= internalGains : EDouble = 0.0

_ B Occupant
= occupancyRate : EDouble = 0.0

H Household
= householdType : EString

[0..*] occupants

= occupantType : EString
= heatDissipation : EDouble = 0.0
= numberOfOccupants : Eint

[0..1] household = residentType : EString

= usedFloors : EChar el
 BuildingT
g ThermalZone | = volumeGeometry : EDouble = 0.0 [0.*] gecupants : ikl
£ DayType - DetachedSingleFamilyDwelling
= floorArea : EDouble = 0.0 = - LowRiseMUIt IRt
= volume : EDouble = 0.0 [0.] usdgezone _ B Unit - Monday - MidRiseMultiUnits
= infiltrationRate : EDouble = 0.0 - Tuesday - HighRiseMultiUnits
o = floorArea : EDouble = 0.0 - Wednesday titlinn SIS h e )
[0..*] building = usageType : EString - Thursday - AttachedSingeFamilyDwelling
[0_*] facilities - Friday = m_sm__o_ﬁnm‘
- Saturday = MediumOffice
S - Sunday = _.m_.mmnwm._nm
8 Facility ) %] Schedule _ - Weekday - ma:nmﬁmo:mfgmmm_do_ﬂ
= heatDissipation - EDouble = 0.0 [0..1] isScheduledBy - Weekend = Educational_Laboratory
@ facilityType : FacilityType = HVAC - Holiday
£ FacilityType
& _._<>ﬁ ) . m_._!_Bmm.m_._mmwn:mn:_m_ _ H DualValueSchedule 5 DaivScheduh P
Hlectricialpysanes 7 values : EDouble | | = idelValue - EDouble = 0.0 | aiySchedules | | & ConstantValueSchedule
= Lighting = date : EDate = usageDayPerYear - EDouble = 0.0 7 values : EDouble = averageValues : EDouble = 0.0
- = usageHoursPerYear : EDouble = 0.0 - o_:ﬂ.m_r. Elnt B
= usageValue - EDouble = 0.0 = day : DayType = Monday
£ ClimateZone
-2A [0.*] dualValueSchedules [0..*] dailySchedules [0.7] constantvalueschedule
= 4A
= 2B
-3C
- 6A E OccupancyCatalog
-5B = name : EString
- 5A = version : EDate
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Figure 21 illustrates the occupancy scheduling UML diagram. Each building is divided into
partitions called Thermal Zone. Each thermal zone is comprised of different usage zones, which
are represented in the Usage Zone class. Each usage zone also can subddliitkr@miounits.

Unit is also introduced to provide detailed information about a usage zone, such as the number of
rooms and their floor areas. In addition, this data model provides the opportunity to consider each
building or archetype (for UBEM) as angie usage zone to simplify the model, particularly in the

lack of data. The Occupants class identifies the occupants, which is categorized depending on the
building type (occupancy type). A specific occupancy rate (schedule) is considered for the
occupars of the usage zone. The floor area and internal gains can be considered essential attributes
of the UsageZone class. In case the thermal model of each zone is created, the heat dissipation of
the occupant must be specified. The Occupants' relationshipHeiisehold objects could be
represented to model the occupant behavior in detail in residential buildings. The Household class
includes the household type that shows the family type and members (e.g., adult, child,-or multi

family) and the resident typ€s.g., main resident, secondary resident, vacant).

Facility class represents the occupegiited energy systems schedules responsible for energy
consumption and heat dissipation. All the mentioned facilities are characterized by operational
schedules and dissipated heat. An enumeration is defined feathity class, including HVAC,
electrical appliances, lighting, and DHW. In addition, four different types of schedules are defined
to provide the required occupamiated schedules based on the data availability and LoD. As can
be seen in Figure 10,dlschedule sublasses can provide either a single average value of each

schedule or, in the more advanced modeling, the-$ienies schedules assigned to the model.

Occupantrelated data is fed into the simulation model using the Usage Factory in Tools4Cities.
The Usage Factory imports data in the proprietary formats to the simulation model and exports the
result to the main hub. If the building models are simulasatjfixed standardized or dataiven
schedules, Usage Import Factory imports them from the Catalog. Otherwise, if the occupant
related schedules are generated by-gitwlation model (e.g., stochastic occupancy schedules
model), Customized Import Facyois used to assign them to the simulation model. Notably, the
co-simulation result, in timaeries format, could be stored in a TimeSeriesSchedule object and fed

into the simulation model.
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[0.*] composed

H ThermalZone _

= floorArea : EDouble = 0.0
= volume : EDouble =0.0
= infiltrationRate : EDouble = 0.0

_ B Occupant
= occupancyRate : EDouble = 0.0

[0..*] occupants

H Household
= householdType : EString

_ H UsageZone

_ = occupantType : EString [0..1] household

7 floorArea :
= internalGains : EDouble = 0.0

= heatDissipation : EDouble = 0.0

EDouble = 0.0 = numberOfOccupants - Elnt

= usedFloors : EChar

= volumeGeometry : EDouble = 0.0 [0..] gecupants

< DayType

- Monday

- Tuesday

- Wednesday
- Thursday

[0..*] usggezone _ B Unit

= floorArea : EDouble = 0.0
= usageType : EString

[0.*] building

[0.*] facilities

9 Facility

= heatDissipation : EDouble = 0.0

7 facilityType : FacilityType = HVAC

- Friday

- Saturday
- Sunday
- Weekday
- Weekend

% Schedule _

[0.1]isScheduledBy

(53

Facility Type

= HVAC

- ElectricialAppliances
= Lighting

- DHW

- Holiday

= residentType : EString

¥ BuildingType

- DetachedSingleFamilyDwelling
= LowRiseMultiUnits

= MidRiseMultiUnits

= HighRiseMultiUnits

- AttachedSingeFamilyDwelling
= SmallOffice

= MediumOffice

- LargeOffice

- Educational_Classroom

= Educational_Laboratory

——

=] j:._mwm_._mmmgmn:_m_ _

7 values : EDouble

= date : EDate

H DualValueSchedule —
| © DaiySchedules

_ _ 5 ConstantValueSchedule

= idelValue : EDouble = 0.0
= usageDayPerYear : EDouble = 0.0
= usageHoursPerYear : EDouble = 0.0

7 values : EDouble
= cluster : EInt

2 ClimateZone

- 2A

= usageValue : EDouble = 0.0 = day : DayType = Monday

= averageValues : EDouble =0.0

[0..*] dailySchedules

[0.*] dualValueSchedules

[0.7] constantvalueschedule

- 4A
- 2B
=3¢
- 6A
= 5B
- 5A

£ OccupancyCatalog

= name : EString
= version : EDate

Figure21. UML diagram of Occupancy scheduling data model
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The proposed Occupancy Scheduling data model can enhance the representation of the occupant
related data connected to the building energy modeling platforms in building and urban scales.
This data model improves the capability of allowing different LoDdeyining the Schedule
classes.

3.6.2. Construction and material catalog

This catalogenables uso model the construction layers with the physical, thermal, and radiative
properties of their assembled materials. Few data models have been developed for
construction/material, mostly embedded in the archetypes such as NREL archetypes. Hence, the
current Construction/Material catalag developed to provide the construction layers of different
building surfaces and their physical properties required for BES in UBEM platfdims data

model allows specifying the thermal transmittance/@ue) and optial properties of the various
thermal boundary types, such as interior, exterior and shared walls, roofs, floors, and fenestration
in detail.For UBEM, the catalog obtains the building specifications of material/construction from
the building archetypes or directly from the envelope characteristics. Although the construction
details of similar buildings might be the same, the thickness of therialacould be different
according to the construction year of the buildings. The Construction/Material cataleg the

easy selection or change of the material thickness in different models.

Figure 22 illustrates the building's Construction/Material UML diagram in the Ecore. This data
model consists of six classes (Window Type, Material, Construction, Layer, Material Category,
and Building Physics Catalog). An enumeration was also considered to pifoeidenstruction

types such as exterior wall, interior wall, roof, and floor. The information on each construction

|l ayer6s characteristics is gathered in the Ma
Besides, the Layer class identifies thiekness, then its data is assigned to the Construction class,
and the Material Category class assigns a name to each material. The Construction class gathers
each material layer's details, manages the thickness, and classifies them. In the endsithextract
information of all those layers as a unified compact construction layer, and this data will be added
to the Building Physics Catalog class. Parallelly, all info on windows will be gathered and added

to the catalog. The Building Physics Catalog of tdata model will be a robust catalog for
construction, materials, and window types which can be connected to other data fioelels.
classification gives the flexibility to assign a specific type of categorization for various windows

and construction in th Catalog. Furthermore, this data model can be expanded and used in any

60| Page



platform that works on urban energy modeling. For example, the particular construction type and
window type can be set to each category of that archetype or the building envelope model. Specific

constructions can be customized based on the material Cata&agh climate zone.

E WindowType E Maternal
7 name : EString 7 materialld : EString
7 uValue : Quantity = W/(m*K) 7 name : EString
7 gValue : EDouble = 0.0 7 density : Quantity = kg/m?®
7 glazingNumber : Eint=1 7 heatCapacity : Quantity = J/K
7 frameRatio : Quantity 7 conductivity : Quantity = W/(m*K)
= embodiedEnergy : Quantity = kW"h/m? 7 embodiedEnergy : Quantity = kW*h/kg materialld
7 embodiedCarbon : Quantity = kgCO-eq/m* 7 embodiedCarbon : Quantity = kgCO=eq/kg
7 constructionDescription : EString 7 constructionDescription : EString
7 disposalEnergy : Quantity = kW*h/m? 7 disposalEnergy : Quantity = kW*h/kg
7 disposalCarbon : Quantity = kgCO-eq/m? 7 disposalCarbon : Quantity = kgCO-eq/kg
7 disposalDescription : EString 7 disposalDescription : EString 1.1 terial
_, back_side_visible_reflectance_at_normal_incidence : EDouble o resistance : EDouble = 0.0 [1..1] materia
'=00 | = thermal_absorptance : EDouble = 0.0
7 solar_transmittance_at_normal_incidence : EDouble = 0.0 = visibleAbsorptance : EDouble = 0.0
_, back_side_solar_reflectance_at_normal_incidence : EDouble = = solarAbsorptance : EDouble = 0.0
' 0.0 = specificHeat : EDouble = 0.0
7 visible_transmittance_at_normal_incidence : EDouble = 0.0 o
_, front_side_visible_reflectance_at_normal_incidence : EDouble B Layer
‘=00 _ thickness :
_, front_side_solar_reflectance_at_normal_incidence : EDouble = [1.4] layers ' Quantity =m
' 0.0 [0..*] materials =

8 MateriaICategoa

(0. windowT 7 name : EString B Construction |
¥ windowTypes

¢ constructionld : EStrin
[0.*] materialCategories < name : EString L.

< type : ConstructionType = OutWall
7 Ithickness : Quantity

[0..*] constructions

2 ConstructionType
= Outwall
= GroundShell
|J BuuldingPhysicsCalalog| - PrichedRoof
- Esoi - TopCeiling
7 hame : E ng - SharedWall
= description : EString - Intemalwall
= source : EString - IntermediaryFloor

Figure22. UML diagram of the Construction/material data model

3.6.3. Greenery system catalog

An urban simulation platform requires a rich os®mrce ecosystem with many plugins and
projects. Figure 23 illustrates a greenery system UML diagram edited in Ecore. Besides, a
Greenery System Parameter Catalog is created containing the required information of the
simulation model. This data model has been designed to provide the characteristics of thge buildin
envelopes' green surfaces (green facade, green Toas)data model can be used to facilitate the
storage and organization of data to analyze and optimize green infrastratttims. level, the
Greenery system data model considers the building green surfaces. The current data model did not

consider the effects of outdoor vegetation and urban configuration. The Python version of the data
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model is also produced in the CDM of the Tools4Cities. The greenery data model consists of

classesuch as green roof /facade, rooftop farming, and the categorized plant and soil types.

E GreeneryCatalog

= name : EString
= description : EString
= source : EString

[1..”] vegetationCategories

H VegetationCatego
= name : EString

[0.*] vegetatjonTemplates

[1.."] plantCategories

B PlantCategory [0..*] soils

= name : EString

[0.] plants

B Plant

B Vegetation |
7 name : EString
_, thicknessOfSoil :

< name : EString

7 height : Quantity =0.1m

7 leafArealndex : Quantity =2.5
7 leafReflectivity : Quantity =0.1

E SupportEnvelope

= roughness : Roughness = MediumRoug
= solarAbsorptance : EDouble = 0.0

= conductivty : EDouble = 0.0

= visibleAbsorptance : EDouble = 0.0

= specificHeat : EDouble =0.0

= density : EDouble = 0.0

H IrrigationSchedule
= name : EString

2 Roughness

2::2‘?; ezn.i om 7 leafEmissivity : Quantity = 0.9 - VeryRough
T Management; NA < minimalStomatalResistance : Quantity = 100.0 - Rough
= ai 2 il = co2Sequestration : Quantity = kgCOzeq - MediumRough
7 airGap : Quantity =0.0 cm - Mol
P = Smooth
[1.7] plahts g PlantPercentage [1.”]1 growsOn - VerySmooth
o Percentage : 1..1] plant -
2 Management | Quantity =100 Aot
T = name : EString
= Exionshe = roughness : Roughness = MediumRough
- Semilnt £ conductivityOfDry Soil : Quantity = 1.0 W/(m"K)
Bl - = densityOfDrySoil - Quantity = 1100 kg/m*
| [1..1] soil = specificHeatOfDrySoil : Quantity = 1200 J/(kg*K)

= thermalAbsorptance : Quantity =0.9

= solarAbsorptance : Quantity = 0.7

= visibleAbsorptance : Quantity = 0.75

= saturationVolumetricMoistureContent : Quantity = 0.0
= residualVolumetricMoistureContent : Quantity = 0.05
= initialVolumetricMoistureContent : Quantity = 0.1

Figure23. UML diagram of Greenery System data model

The Greenery System Catalog comprises the Vegetation Category, Plant Category, and Soil.
Vegetation Category refers to the typegenerysystems such as green roof/facade, and rooftop
farming linked to the vegetation, which shows the act of planting that needs to define the thickness
of soil. Management represents different types of green roofs, which can be extensive, semi
intensive, andntensive. Regarding the green facade, the air gap defines whether the greenery
system is a green facade and haaiagap. Vegetation connects to the Plant Percentage, referring

to the percentage of different plants making up the vegetation and Soil class with several types of
soils and their properties. The Plant Percentage is connected to the Plant class. Batdptofth

the diagram, the Plant Category is about the family type of plant, which can be flower, grass, or

vegetable. Each Plant Category class is composed of the plant that belongs to the Plant Category,
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and each plant has the Soil objassociated with it on which it can grow. Therefore, there is no
need to specify the soil type for the Vegetation class. The Roughness enumeration refers to the

different soil attributes' roughness levels.

&, *greenerycatalog (2 [ *greenerycatalog.genmodel =] GreeneryCatalog.view E-] GreeneryCatalog_Detail.view =
- -i-M- | a8 e v 88 X %| TH| B Ao Y | 23 Palette
& @ = z
[ Properties 7] EMF Forms Preview &2 =
£ View Editor Preview EEB| 26|t
v 4y Greenery Catalog Details
<> Plant Category Flowers
Mame Flowers |
4 Plant Category Grass
~ & Plant Category Vegetables Plants @
<> Plant strawberry
<4 Plant Tomato Validation .. MName Height Leaf AreaIn... Leaf Reflect.. Leaf Emissi..  Minimal 5t..  Cod Seques...
<> Plant Lettuce Camnellia Sasanqua 0.4 218 0.22 095 288 0
~ 45 Vegetation Category Urban Greening Rhododendron 0.5 1.85 0.22 0.85 161 0
“ Vegetation Ligustrurn Japonicum 'Ho... 048 493 0.22 0.95 172 0
~ <y Vegetation Category Green Facades Viburnum Dilatatum (Thunb) 0.7 5 0.22 0.95 212 ]
44 Vegetation hy Lorpetalum Chinensevar. .. 0.7 5 0.22 0.95 228 0
v 4 Vegetation Category Green Roofs Buxus sinica 0.45 4.03 0.22 0.95 165 0
44 Vegetation Frugal Aplha Sedum acre 0.1 35 0.36 0.95 180 ]
45 Vegetation Frugal Beta Frankenia thymifolia 0.15 36 0.32 0.83 180 0
£ Vinca major 0.2 27 0.25 0.78 180 ]
<% Vegetation Flower Power T a7 m 35 25 a0 i
“5 Vegetation Category Rooftop Farmin oy {hieders helng) : : o3
b Lawn 0.06 14 0.22 0.95 50 ]
<> Soil Type Sand
> Soil Type Loamy sand
<+ Soil Type Loam
» Soil Type Sandy Loam
<> Soil Type Clay loam
> Soil Type Silt
< >

Figure24. The editor preview of the Greenery System Catalog

Figure24illustrates the Catalog editor preview, which shows the user interface created to enter the object
properties into the related attributddie greenery system data model includes the greenery surfaces
in the building envelope to examine different scenarios and their influences on the urban building

energy models.

3.6.4. Neighborhood retrofit enrichment catalog

The application of building retrofits or, in other cases, neighborhood retrofits can represent a
complex decisiommaking process due to the excessive number of stakeholders iny2hajd
Therefore, this data model aims to conceptualize the possible data types to be used to enrich the
engineering models with contextual data. The problem addressed is divided into multiple
segments. The first syiroblem is the lack of understanding of therounding properties of the
building class in the platform simulation. With no consideration of the ssmmaomic features of

the neighborhood, the lack of understanding of the stakeholder background and financial settings

will negatively affect the a@ptance rate for building retrofits. The second-gudblem includes
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the need for calibrating the heating and cooling demand simulated for the buildings using historical
data (if available) to precisely predict the impact of measures on the building fabric or systems.
Last, the third problem addressed is the need for additidatasets to be added to the building

data, which can help address the real data of the building using updated permits for energy systems

or facade refurbishment.

The UML diagram shown ifrigure 25 refers to the original Building class borrowed from the

pl atformbés CDM. It shows the relationships bet
Figure25 shows the neighborhood retrofit enrichment data model containing the classes and their
relationships. The classes added are Neighborhood, Calibrated Loads, and Additional Datasets.
The Neighborhood class refers to linking the building to its surroundimgomment and the
socioeconomic factors it represents to compute energy poverty and median income and develop
solutions corresponding to these values. The Calibrated Loads class uses an external calibration
model to calculate the new demand values andnaatically store them in the data model.
Therefore, it does not get recalculated. Last, the additional dataset query is used to check the
availability of external datasets for the studied building. The sources of some of the classes
provided in the data na@l have been investigated in Statistics Caifdda
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EL. Neighborhood

= census_code : Elnt

= median_family_income ; EFloat = 0.0
= unemployment ; EFloat = 0.0

= average_energy demand : EFloat = 0.0
= refurbish_rate : EFloat = 0.0

= ownership_type : EString

= total_value_property: EFloat = 0.0
[1..1] heighborhood = neighborhood_ID : EInt

= available_incentives : EFloat = 0.0
= electricity_tarrif : EFloat = 0.0

= gas_tarrif : Elnt

B Building

B Calibratedioads

heating : EFloat = 0.0

o= cooling : EFloat = 0.0 = heating_calibrated : EFloat = 0.0

o= building_type : EString = cooling_calibrated : EFloat = 0.0

o= storeys : Fint = tot_energy_calibrated ; EFloat = 0.0
= thermal_zones : EString = building_ID : Elnt

= neighborhood_ID : EInt o )

= building_ID : Elnt [1..1] building [0..1] calibrated_lcads

B AdditionalDatasets

[0..1] add_datasets construc_permit : EBoolean = false

transform_permit : EBoolean = false
demolition_permit ; EBoolean = false
issued_building_permit : EBaolean =
false

property_tax_report : EBoolean = false
heritage_status : EBcolean = false
building_ID ; EBoolean = false

& query_permit(

0DO0OD

0

0DO0OOD

Figure25. UML diagram of Neighborhood retrofit enrichment data model

The neighborhood class aims to define several additional parameters when targeting a
neighborhood for retrofitting. The class includes Census code, Median family income,
Unemployment rate, Average energy demand, refurbishment rate, Ownership type, [letal va
property, Neighborhood ID (will be assigned), Available incentives, Electricity tariffs, and Gas
tariffs. The class provides syfarameters to consider while targeting buildings for receiving
upgrades or being most suitable for upgrading. Additionalidaneeded for retrofitting a building

and an entire neighborhood. Therefore, the Additional Datasets class addresses that by storing
enrichment datasets for each neighborhood. Data includes construction, transformation,
demolition, issued building perisi property tax reports, and heritage status. A calibration process
can occur considering the providence of actual measured data from the targeted buildings.

Therefore, storing them to be used in the data model becomes desired. The Calibrated Loads class
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provides insights into a neighborhood's targeted buildings. The relation between the classes defines
the supplementary information that provides additional perspectives within the building retrofit in

a neighborhoodcale process.

3.6.5. Energy management catalog

The need for energy management to reduce operational energy expenses grows as energy prices
rise [45]. Organizations need a profound grasp of the variables affecting energy use and cost in
order to manage energy costs effectively. Most companies only do energy management to track
monthly spending and create annual budgets. To create an efficient eneagemant strategy,
in-depth energy usage analysis and modeling will be needed. Managing energy data begins with
utility and production data at the facility level, then drills down through processes or systems to
individual units of equipment where energsage is broken down to produce an energy balance.
Energy data management aims to accurately depict energy expenses and usage at the facility level
and then break this down to the end user to calculate system efficiency. A data model is presented
in this setion to model clean and affordable renewable energy for the residential sector. The data
model is designed for an optimization platform that will provide the needed information and
insight for deriving policies and decisions. To define the classes aiditas, buildings can have

a PV system, electric vehicle, energy storage system, electric water heater, and smart meter. The
smart meter is connected to the distribution systégure26 represents the energy management

data model containing the various classes and their relationships. The data model illustrates that
the Electrical Distribution Network is directly related to the Home and supplies some forms of
energy to the Home. The diagn also depicts a ofte-many relationship between Distribution
Network and the Home, which is indicated by 1 and [1..*]. In other words, one Distribution
Network can supply energy to multiple Homes. The Distribution Network has a single Pricing
Scheme tht applies to all its customers. The diagram also shows the relationship between the
Home and Battery Storage System. This relationship indicates that a home could be powered by

zero or onebattery storage systems. In other words, a home could have iy sidtage system
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ts energy source from a PV System.

Il receive i

, WI

or none. The Battery Storage System, if present

[1..1] pvsystem

[ BatteryStorageSystem
= batteryCapacity : EFloat = 0.0
= maxChargingRate : EFloat = 0.0
= maxDischargingRate : EFloat = 0.0
= dischargingtfficiency : EFloat = 0.0
inSOCAllowed : EFloat = 0.0
ISOC : EFloat = 0.0
= chargingEfficiency : EFloat = 0.0

H PVSystem

W = capacity : EFloat = 0.0

* manufacturer : EString

7 = efficiency : EInt

| = size: EFloat = 0.0

[1.*] weatherdata

£ WeatherData

| = irradiance : EFloat = 0.0

|
7 = timeStamp : EDate

e ik

& ElectricVehicle

= carMake : EString

= carModel : EString

= batteryCapacity : EFloat = 0.0

= maxChargingRate : EFloat = 0.0

= minChargigRate : EFloat = 0.0

= chargingEfficiency : EFloat = 0.0

= disChargingEfficiency : EFloat = 0.0
= initialSOC : EFloat = 0.0

= finalSOC : EFloat = 0.0

[1.4] v

[ ElectricWaterHeater

[1..1] batterystoragesystem

[1..1] electricvehicle

H Home

H VehicleSchedule

= departure : EDate

ehicleschedule | = arrival : EDate

£ UncontrollableLoad

1.*] has = load : EFloat = 0.0

= timeStamp : EDate

= location ; EString
= rooms : Eint
= inhabitants : Eint

= capacity : EFloat = 0.0

= thermalResistance : EFloat = 0.0
= thermalCapacitance : EFloat = 0.0
= thermalTemperature : EFloat = 0.0
= waterConsumption : EFloat = 0.0

[1.1] el t

[1..*] poweredby

[1..1] smartmeter

E SmartMeter

= balteryDischargingRate : EFloat = 0.0
= manufacturer : EString

# BuyingPriceType
- DRP_TOU

= type : EString
= efficiency : EFloat = 0.0

- DRP_INCENTIVE
- DRP_REALTIME.

[1..*] smar{meterreading

H SmartMeterReading

= consumption : EFloat = 0.0
= timeStamp : EDate

# BusType

STACK
LOAD
2V
& ElectricDistributionNetwork

= generationUnit : EFloat = 0.0

= shuntReactance : EFloat = 0.0

= busType : BusType = STACK

= busConSource : EInt

= busConDestination : Elnt

= buslmpedenceReal : EFloat = 0.0

= buslmpedencelmg : EFloat = 0.0

= minActivePowerGen : EFloat = 0.0

= maxActivePowerGen : EFloat = 0.0
= minReactivePowerGen : EFloat = 0.0
= maxReactivePowerGen : EFloat = 0.0
= activePowerDemand : EFloat = 0.0
= reactivePowerDemand : EFloat = 0.0

[1..1] pridingscheme

H PricingScheme

= buyingPrice : EFloat = 0.0
= sellingPrice : EFlcat = 0.0
= buyingPriceDate : EDate
= sellingPriceDate : EDate

= buyingPriceType : BuyingPriceType = DRP_TOU

Figure26. Energy management data model for the residential sector
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The smart meter records multiple readings on different time steps. According to the data model, a
Home could have up to one electric water heater and up to one electric vehicle with multiple
schedules (Electric Vehicle Schedules). The Electric Vehiclenvphhesent, is powered by the
Home, which has its source of power from either the Battery Storage System or the Distribution
Network. The Uncontrollable Load in the house is captured in a different class, with multiple
recordings for a single building. Hemthe manyto-one relationship exists between the Home and
Uncontrollable Load. The data model for the energy management system represents key elements
of energy sources in the building. It also shows the relationship between different energy

components ahthe electrical distribution grid.

3.7. Example of a workflow using Tools4Cities

This section illustrates the applicability of some of the developed data models
(construction/material data model and occupancy scheduling data model) of Tools4Cities for
district building energy simulation. The first step in the workflow is to colleepnmcess, and

store the building geometry from CityGML of Montreal, Canada. The abwmioned catalogs

can provide the main parameters of the building energy simulation: construction layering and
occupantrelated schedules. As mentioned in section hd occupancy scheduling catalog was
developed to give the occupamlated input parameters for the building energy simulation at the
urban scale. For this purpose, ASHRAE standardized occuplattd schedules were assigned to
each archetype. Also, assteibed in section 5.2, the construction catalog is developed to provide
the construction layers of different building surfaces and their physical properties required for
building energy modeling. This catalog has been made in the Ecoremoééh to storeghe

metadata and the values calculated or extracted from various sources and standards.
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Figure27. lllustration of the dynamic building simulation at the district scale using Tools4Cities CDM

Figure 27 illustrates the overview of the dynamic urban building simulation using Tools4Cities.

In each simulation model, the geometry of the building is imported using the Geometry Factory,
defined as a class of the CDM with related attributé® geometry data could be from various

data sources and in different formats (in this example, the spatial data file format is GML, as
mentioned before and). Then, the building attributes, considering the building function and
construction year, are assigriedhe building 3D model to enrich the geometry data for simulation
purposes within the same GML file. The building envelope construction characteristics can be
assigned either using the defined archetypes (based on the building type, constructiordyear, a
climate zone) or directly using the exact available characteristics of a particular building if known.
The information could be called from different sources, such as NREL, TABULA, depending on
the data availability and its applicability. In this cad&EL archetypes were used. Using Import
Factories called Usage Factory and Construction Factory, the information was transferred from the
Occupancy Scheduling catalog and Construction catalog to the simulation model. Considering the
simulation purpose, datvailability, and required level of detail, the occupatdted information

could be provided from the Occupancy scheduling data model. The schedules in different levels
of more information (regarding their resolution and schedule type) are calledthesiingporter

Factory from the related classes in the Occupancy Scheduling data model. For instance, to assess
the buildingds year |l y de ma-elted sthedalesgLioDnpailye det e
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Schedules) are suitable enough to provide an accurate result. In the dynamic building energy
simulation case, hourly schedules (L-8D Timeseries Schedules) are required to support the

variability of the occupantelated profiles.

In the case of the input parameters generated bysaradation (e.g., stochastic modeling of the
occupantrelated schedules), a Customized Importer Factory has been developed to import the
output of the cesimulation and assign it to the simulation mod&hother required simulation

input parameter is the weather data, imported using the Weather Factory. Then, an input data file
(IDF) file is created using IDF Exporter, and EnergyPlus is called to provide the thermal behavior

of the building (heating ancboling demands) and the electricity demand.

3.8. Conclusion and discussions

Consolidating heterogeneous urban data sources is crucial to making more realistic models for
CO, emission reduction and smart and sustainable city planning. Previous data tools that mainly
support energy modeling at the building level have many limitations. They cannot support diverse
data types and resolutions and only capture minimal informatitnnaneach domain. Besides,
developing a standardized data structure needs significant effort, and there aretoaisasgols

to support and check the quglof the generated data model. The current data structures in the
UBEM context have several drawbacks, such as complexity, handling the volume of data,
incompatibility with other modeling platforms, limited scope, and the need for considerable efforts
for maintenance. Therefore, although urban energy modelers are facing many issues in acquiring
accurate and sufficient data at the city scale, a structured way is promising to curate, integrate, and
organize multiple heterogeneous urban data sources. Ttlysptaposes a framework for creating

data models to facilitate the data exchange between various data sources with different formats
connecting to an urban energy modeling platform. The data exchange is divided into two parts.
First, a list of catalogs torganize information was created, and secondly, a CDM that reads those
catalogs together with other data sources structures the information for each instance of a city and
exports what is needed in different formats for different simulation tools. The ilagates the

current approaches to data organization of a novel urban energy modeling platform named
Tools4Cities and introduces the concept of a central data model (CDM) and its application. The
proposed CDM as a city digital twin supports the datdifferent domains of energy modeling in

the urban context by integrating a wide range of data sources and simulation engines. Using CDM

reduces the efforts of integrating data sources into the platform.
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Five domainspecific catalogs (Occupancy scheduling, Construction, and material, Greenery
system, Neighborhood retrofit enrichment, Energy management) have been developed, mainly in
the urban building energy modeling domain, using Eclipse Ecore, thaib@ssitre data formally.
Besides, it enables the user to create catalog editors (CRUD Uls) to automatically import the
system's attributes from a data source or manually input them to the editor. Catalogs reduce the
manual effort for data preparation of silation models. The proposed approach to creating the
data model illustrates how the data stakeholders need to manage the emerging data, specifically
regarding their metadata, to integrate them into the standardized schema. A significant limitation
in catdog creation that should be addressed is the application of standard terminology to facilitate

data interoperability between the sources and data models.

The CDM's opefrsource nature creates the opportunity for researchers to add and extend the
necessary classes and attributes for their specific purposes with different levels of detail. Besides,
a CDM facilitates energy modeling automation and supportegtcadecisiormaking. However,

the need to create importers-faoc for each new input data format still hinders smooth
interoperability with tools. Therefore, standardizing the datasets (in terms of terminology and
format) can help streamline the modelofglifferent phenomena in the city. Developing a broader
data model and use case could be a future development of the CDM by engaging various data
stakeholders. The CDM of Tools4Cities can support the energy stakeholders in strategic planning
toachievect i esd® ambitious <climate goal s.
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Chapter 4: Stochasticbased occupanicentric building archetype
modelling using plug loads

4.1. Overview

Occupantrelated parameters significantly impact the urban building energy simulation
uncertainty. In most existing urbacale building energy models, fixed default occupatated
schedules are typically used, which might not necessarily capture thgoraassociated with
occupancy. Without a more complex occupancy model within urban building energy modelling
(UBEM), it is impossible to achieve a reliable energy demand estimation. For a more robust output
from UBEM, occupantelated schedules shoul@flect the variability and diversity of the
occupant behaviour. This paper proposes a framework to extract representative eetaieaht
profiles from timeseries data and model their performance using Markov €Waite Carlo

method considering the stoastic nature of occupant behaviour.

4.2. Introduction

As part of Green Economy action plans, many countries, aim to become zero emission by 2050.
As an intermediary goal, Canada aims to achieve a 37.5% reduction in greenhouse gas emissions
by 2030 compared to 199Q]. The built environment has a high potential for reducing energy
demand during this period. The use of urban building energy modelling (UBEM) can be a useful
tool to design emission reduction scenarios and for assisting the management of building energy
onthe urban scale. UBEM uncertainty is significantly influenced by occuptated parameters

such as presence and their interaction with energy sy$t@djg4]. In most existing urbascale

building energy models, fixed default occupagitited schedules are usually used, which may not
necessarily reflect occupant behaviour variations. The main reason is the lack of data available to
model dynamic occupancy schdes, which leads to differences between energy simulation
results and the actual data. UBEM cannot accurately estimate energy demand and predict peak
loads without a more complex occupancy model. UBEM requires ocetglated schedules that

take into acount the variability and diversity of occupant behaviouorder to produce a more

robust output from building energy simulation.

S, Dabirian, N. Ra h i mbased @cougar@dntric Building ArahetypaiMddebing ising t i ¢
Plug Load,"Proceedings of the 18th IBPSA Conference Shanghai, China, pi8Z28023.
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Archetype modeling is a common method to classify the building stock on the city level, evaluate
city building energy performance, and support energy policies, building codes, new technologies,
and retrofitting strategies and prograrfsl5][29][83][216]. Archetypes are the simplified
definition of building characteristics, including geometry, energy systems, and occelpaed

parameters. The archetypased approach is classified into deterministic and stochasit

In archetyping, occupamelated schedules are assumed to follow a deterministic pattern that
significantly impacts energy use. Considering occupants' critical roles in a building's energy use
and management, stochastic occugamitric archetypes can battsimulate district demand by
incorporating the variability and stochasticity of their schedules. A more realistic district load
curve can be obtained if stochastic occupatdted profiles are correctly modeled. Previous
research on stochastic occupeglaited schedules can only be used in building energy simulation
of specific buildings, such as office and residential, but not for all building types in ‘néeed
districts[15]. Furthermore, most studies have taken into account only the stochastic variations of
the physics characteristics of the building involved in energy modeling, not the behavior of the

occupants.

Thus, this paper outlines a framewdokextract the representative occupeeiated profiles from
time-series data for mixedse neighborhoods and model their performance considering the
stochastic nature of occupant behavilso, it could be demonstrated how the stochastised
occupantrelated archetypes improve the urban building energy modeling workflow to predict
demand. Using timeeries data as the basis of the model makes it possible to achieve a more
accurate represéation of the energy demandhis dynamic model could provide relatively
accurate simulation results and pave the way to identify appropriate energy management strategies.

Besides, applying stochastiased schedules can include the variability of the occupant behavior
in an urban model where similar archetypes dominate within a neighborhood. Overall, the
proposed framework integrates flexible and reliable occupamiric achetypes and energy

demand analysis, including forecasting the impacts of the variability of occupant behavior to

establish an informed basis for enegfficient strategies and demasile energy management.

73| Page



4.3. Background

4.3.1. Occupantrelated data-driven modelling

The datadriven modeling analyzes the data to extract useful information and patterns using data
mining techniques, machine learning models, and statistical mdgi&]sOccupantelated data

driven models are developed using robust data collected from buildings from different sources.
The occupantrelated patterns could be used to calculate the internal gains and probability of the
occupancy presence in the buildings. Several-dav@n occupancy models have been proposed

to simulate the building performance at the building s¢aB. Fu et al[219] explored the chilled

water consumption data as an occupancy proxy to model the building cooling energy consumption.
Happle et al[220] created occupancy presence schedules in 13 different U.S. cities based on
locationbased data such as Google Maps or Facebook. Several research works investigated the
electrical meter data to extract energy use patf&3is However, few studies have used time
series electricity consumption data to extract occupelated parameters for urban energy

modeling.

4.3.2. Clustering

Clustering is a data mining approach to group a dataset into N clusters based on pattern similarity.
Clustering timeseries data facilitates extracting valuable information from a massive and complex
dataset when using supervised classification proves ¢otmputationally difficulf221]. K-means
clustering is the most common unsupervised disthased algorithm in dat@riven modeling of
occupancy and archetyf22?]. In the kmeans method, each cluster is represented by the mean
of each cluster called the centroid. To initialize the optimal number of clusters, different indices

such as Elbow point, Davigouldin, Dunn, and Silhouette are ug2d3].

4.3.3. Stochastic modelling in UBEM

Stochastic occupaielated schedules provide a more accurate representation of occupant
behavior variability within a building or distrif40]. The majority of stochastic occupancy models
are based on statistical methods (probabilistic/stochastic) such as Markov Chain pf@@ds$ses
However, in some studies Monte Caf&8], [45], and Markov chain Monte Carlo (MCMC)
method[224] have been used33] proposed a model to provide the UBEM input parameters.
Where a uniform distribution was fitted to occupant density, plug load, lighting power density,
thermostat setpoints, and the DHW flow rd&il], in the TEASER tool, predicted the annual
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occupancy, appliance, and lighting profiles using the Richardson lighting use model (Markov
Chain method) to simulate distrimtiildingsselected randomly, while the probability of the current

state only depends on the previous state.

4.4. Methodology

The methodology steps are shownFigure28. It elucidates the stelpy-step extraction of the
representative patterns of the occupatated schedules (e.g., plug loads) from electricity
consumption profiles. The process allows the users to input variouseines data and obtain
representative prdés for building performance simulations. Dataven modeling of plug loads

and the developing of a stochastic model are the steps involved in the methodology for generating

the schedules for plug loads for various types of buildings in various clintads.zo

Time-series profile;
Data-driven model

Representative

+ Data processing plug-load schedules

* Pattern recognition (clustering)

- =

Stochastic model

Transition matrix

4 o - N
+ Fitting probabilit
. .g p. y Stochastic models
distributions
* Goodness of fit tests
" Selecting the best-fitted PD y Stochastic
r N schedules
Random variable sampling :
Markov chain Sensitivity analysis

Figure28. Methodology overview

In datadriven modeling, data preprocessiaghe fundamental step to understanding and cleaning

the dataset. The raw data collected from different sources may contain inconsistencies, errors, and
noises. Thus, data pprocessing provides uniformity and improves the data quality used as input
for subsequent steps in the methodology. In this study, the data preprocessing phase includes 1)
cleaning and imputing the missing data; 2) dimension reduction; 3) data scaling; 4) feature
creation/selection; 5) merging the data from different sources; apdréfioning the data into

different groups.
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To extract the patterns and representative profles&ns clustering is utilized@he objective of

the clustering algorithm is to minimize the sum of the Euclidean distances between each data point
and their respective centroids. The outputs of clustering are the values of the cluster centroids
representing the occuparglated charactestics and categorization of the profiles based on

proximity/similarity to the centroids for each building type within a climate zone.

In addition to extracting the representative plug load profiles, the clustering output is also used to
calculate the transition matrix that is required for the MCMC model developiitentransition
matrix (TM) of the plug | oad schedules is des

the Markov chain states.

)
P(xi | L L L, xiT17T3, xi12, xi11l) = P(xi|xiT11l)
. hioikn 0P E OpfE
v B GO¢ 6 800 e B e
We o0& OBp E OHE

Where k is the number of clusters, and the 3ikké would be k*k. In this paper, TM elements

indicate the probability of the transition from one cluster to another.

The MCMC algorithm is applied on each hour of data of the plug loads. The fitting function is
trained with the parameters, including load and tirmestly, different PDs are tested on the hourly
data (e.g., all the records of 8:00 AM) to find the appropriate distribution that fits theé-ibptiee (

35). In order to determine how well sample data, fit the PD, various goodfiéssests and
metrics such as Kolmogoreéymirnov, Akaike information criterion (AIC), and Bayesian
information criterion (BIC) are employetdihe hourly plug loads are sampled for each hour from

their PDs to create a daily profile in the next step.

Random sampling is implemented using psetadwom generators available in Python. The initial

value of the parameters and the number of samples are determined by the user based on the data
observation. The next hour value is extracted from the relatetbR&)dering the Markov Chain
transition probabilities. It means the extracted value is selected considering the previous value
drawn from which cluster. The stochastic values are calculated by multiplying the TM by each
sample drawn from the PDs. Then, fhh@cedure will repeat to generate other hours of data to

complete the daily plug load profile.
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In order to evaluate the performance of the developed model, the Root Mean Square Error (RMSE)
and Rsquared from equatiorf®) and(3) are used as sensitivity analysis methods. To implement
the sensitivity analysis, the generatsichastidbased plug load profiles for five selective
consecutive weekdayss been considered.

(Y0 YO

B

@Y »p

The RMSE indicates how accurately the generated stochmasted plug load profiles represented
the actual plug load dat¥. is a statistical measure that indicates the proportion of the variance in
the dependent variable (plug load) that can be explained by the independent variable (generated

profiles).

4. 5. Results and discussion

In this study, the methodology is applied to office buildings in climate zone 5A of the Building

Data Genome Project 2.

4.5.1. Data pre-processing

To develop the datdriven occupantentric model, an open data source, Building Data Genome
Project 2 (BDGP2Miller et al. 2020) has been used. The data was collected from 3053 energy
meters (electricity, chilled water, hot water, gas, water) from 19 different locations (1,636 non
residential buildings) over Europe and North America. The dataset mainly belongs to institutional
campses, including various building types such as offices, laboratories, classrooms, lodging, and

library.

The dataset is for the years 2016 and 2017 with hourly time resolution. The metadata includes the
gross floor area, construction year, building coordinates, and building primary use qumuirsarly

use types. The existing data has been cleaned, and tkarereant units for the different energy
meters have been standardized. The data processing is implemented in Python using different

libraries such as Pandas, Numpy, Matplotlip, Sklearn, and Seaborn.

In order to dimension reduction, two features were calculated: the specific electricity power usage

(SEPU) and the electricity usage average. The electricity usage average is calculated by dividing
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the total annual electricity consumption by 8760. SEPU is obtained by dividing the electricity

usage average by the total floor area.

The electricity consumption metered in the BDGP2 dataset is assumed to be representative and
acts as a proxy for occupancy. Thus, this study uses electricity consumption to extract the plug
load. Since there is no feature to illustrate the electricityusnpion components (e.g., plug loads,
lighting, and HVAC usage), two conditions have been considered to assume that the electricity
consumption values could be regarded as plug loads. By checking the metadata, the building has
been selected when it has eretd electricity, hot water, and chilled water. It means that the hot
and chilled water is used to provide heating and cooling, respectively; thus, electricity mainly
represents plug loads. Also, the SEPU is in the range of the ASHRAE receptacle povigr dens
(e.g., for office buildings, 10 W/fh The buildings selected have a SEPU between 0 to 2G.W/m

After reducing the building data related to those buildings which do not fulfill the mentioned
conditions, the missing hourly values are filled using the mean imputation technique by the average
of two previous values. In order to eliminate the impachefgross floor area of the building on

the analysis process, the plug load values are normalized. In the next step, a few features, such as
time components, weekday/weekend, and seasons are created to prepare the raw data into a suitable
format for occupacy modeling. Moreover, visualization provides a straightforward understanding

of pattern recognition. The data is visualized in daily, weekly, monthly, and seasonally format.
Graphs are used to describe and explore the data. The result of this steples/vwesdkend daily

profiles of electricity consumption for various sites (in different climate zones) and each building

types.
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Figure29. Comparison of annual hourly plug load profiles of case study's buildings

Although the framework was applied to most of the building types and climate zones in BDGP2,
the office building in climate zone 5A has been selected to illustrate the applicability of the
proposed framework among the available building types and clirmaészn BDGP2. Among all

21 office buildings in climate zone 5A, 11 buildings fulfilled the model assumptions. Table 1
shows the selected buildings of the case study.

Table2. Calculated features of considered buildings

Building ID Floor Area Annual Energy Electricity Usage SEPU (W/m2)
(m2) Consumption (kWh/m2) Average (kWh/m2)

Peacock_office_Norman 3044.1 110.15 0.0126 12.57
Peacock_office_Julian 3913.9 61.11 0.007 6.98
Peacock_office_Annie 6021.8 114.07 0.013 13.02
Peacock_office_Elton 9694.9 148.55 0.017 16.96
Peacock_office_Effie 9723.9 79.15 0.009 9.04
Wolf_office_Joana 1355 101.22 0.0116 11.56
Wolf_office_Darleen 5036 78.24 0.0089 8.93
Wolf_office_Rochelle 3115 45.75 0.0052 5.22
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Wolf_office_Bobbie 4691 51.19 0.0058 5.84

Wolf_office_Emanuel 2005 66.87 0.0076 7.63

Wolf_office_Haydee 1129 68.98 0.0079 7.87

After pre-processing of the data based on the approach mentioned in Dataq&ssing section,

the daily profiles of the buildings in Table 1 were visualizeBigure29. The graphs contain all

of the daily profiles, including those for weekdays and weekdfigare29 shows a wide variety

of patterns and load quantities in different buildings. It means that occupant behaviour and
schedules significantly affect electricity consumption profiles (pattern and quantity) even in
buildings with similar types in the same climatone. However, there is a prominent pattern in

most weekday profiles which has a rise in the morning and a decrement in the late afternoon.

4.5.2. Data-driven model
The dailytime-series weekday and weekend profiles of all office buildings in climate zone 5A are
merged in a data frame.-tkeans clustering, as the most common unsupervised didiased

algorithm, is considered in the workflow to explore distinct profiles.

To implement kmeans clustering, the optimal number of clusters (k) as the main hyperparameter
is defined based on the Silhouette score methiggire 30 indicates an example of the Silhouette
score applied to the weekday data of the case study. The optimal number of clusters is five, based
on the graph. In addition to using the Silhouette score method, profile visualization can help the
expert to determmthe k to cover the most patterns. In the next step, the profiles are grouped into
k clusters. The result of the clustering is shown in a data frame containing useful information such
as the daily profiles, timestamp, name of the building, and assigns@rclAfter preparing the

data frame, pogprocessing is implemented to visualize the clusters and centroids.
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Figure30. Silhouette score analysis of weekday plug load profiles of case study

Figure31 and Figure 32 are the visualizations of the clustered weekday and weekend plug load

profiles, respectively. They show the representative plug load profiles of the case study. In these

figures, the

dashed

c ur v e s-coded dustersiddme seenhinethe c |

background as faded profiles. According to Bithouette score analysis, four clusters are the

ust

optimal number of clusters. However, visualizing the profiles shows that having five clusters can

better group the profiles.
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Figure31. Clustering of weekday plug load profiles of all case study's buildings
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Figure32. Clustering of weekend plug load profiles of all case study's buildings

Figure33 andFigure 34 show the distribution of the weekend and weekday plug load profiles in
each cluster. According tBigure 33, the majority of profiles are found in cluster #2, ranging
between 0.7 and 29 Wh/m2, with a mean of 7.6 Wh/m2 and a standard deviation (SE)arfel.

34 shows the greatest number of profiles in cluster #1 with a range of 1.4 to 32 Wh/m2 with a
mean of 9.4 Wh/m2 and an SD of 5.1. Moreover, cluster #1 of the weekday profiles has the lowest
standard deviation among all of the clusters, which means thairtides of the cluster are similar

to their peers within the same cluster.

60
@ 50
@
_— )
E=JT]
o £ 40
a3
L
© ~ 30
]
_8 @
7}
£ = 20
5 =
2 10
0
R 8 & & %@ NG @ & &
& & & &g @ & 8
N 2 TR 2 K\é"/ P° © 3’ & s
& 6\(‘\ é‘\\ 65 & & \\@ &’ R;\\L &’ (\\@
é\‘\ & & 06—/ OQ}-/ D{\/ \o S 9 & o
& P o © " F & WO "IN
e & < 2 % O
<& sza Qa'b & Q@ - &0 o KN o &
%
Building ID

M Cluster 0 Cluster 1 Cluster 2 Cluster 3

Figure33. Distribution of weekend plug load profiles in each clustdiffarent buildings
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Figure34. Distribution of weekday plug load profiles in each cluster in different buildings

In the next stepthe TM is calculated using the clustering result described in the methodology

section.

4.5.3. MCMC model

In order to apply the MCMC method to the data, TM must be calculated first. As mentioned
previously, the TM elements represent the probability of transitioning from one cluster to another.
To calculate the TM of the weekday profiles, the clustered wegkudijes were utilized. As the
considered k for the weekdaybés clustering is
T X PTH T CTIP 0 UTABIC PTBI L W

T8 Tt Y Y wrdt T pTd W ¢ T8I p
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In thisstudy, electricity usage profiles of several buildings (with similar types) were analyzed, and

Ca

they vary widely from a very high value to a very low value. In addition, since Monte Carlo
sampling is performed from such a wide range, the Markov chain methodains closer and

more realistic ranges between two consecutive hourly values generated. However, it is still a
stochastic model, and some variations will remain. The generated data would constantly shape the
everchanging occupasnelated schedules dmatch them to govern building systems to actual

human patternsAs a result of the proposed model, medium and-tengp plug load predictions
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can be made. During each iteration, the model provides different values that can be applied to

similar archetypes in different districts.

The MCMC analysis is applied to the plug load values for each hour, which contain the values of
all buildings at that time. The developed model at this stage tests all potential PDs on the hourly
valuesFigure35presents a try of testing different PDs on one hour plug load data to find the best
fitted PD. To determine the befgted PD, different goodness of fit tests was conducted in addition

to visualizing the PDs on the histogram.
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Figure35. Testing different PDFs on one hour plug load data to find thefittest PDF. The y axis is the probabilities and x axis
are for the loadquantities.

In this study, Kolmogorossmirnov (Rvalue), Andersoibarling, AIC, and BIC tests were used

to determine the bes$itted PD for each houEigure36illustrates the beditted PDs on the hourly

plug load profiles of the weekdays in case study' buildings in 8@iosing the bedttted PDs

for all buildings' plug load profiles reveals that the PD is not similar for data points of one hour to
another. Consequently, applying the same PD to all hours reduces the model's accuracy since PDs

have different characteriss.
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Figure36. The besfitted PDs on the hourly plug load profiles of the weekdays in case study' buildings

Following the determination of the PDs, the sampling procedure was implemented using the
pseuderandom package available in Pythdhepseuderandom sampling creates the opportunity

to generate a new set of data in each iteration which could be applied to simulation models for a
building or the archetypes in a distrietgure37 shows the stochastltased plug load profiles for

five selective consecutive weekdays generated by the proposed model. The dotted curve shows the
average of the actual data of a similar time period.
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Figure37. Generated five weekday profiles using stochastic model

The sensitivity analysis illustrates that the RMSE of the generated stodbessid profiles are
between 1.15 to 1.45 and théifRbetween 0.7 to 0.82. The range of 1.15 to 1.45 of RMSE suggests
that the generated profiles had some level of error in predicting the actual plug load values, but the
error was within a reasonable range. Also, the range beRveen 0.7 to 0.82 suggests that the
generated profiles were able to explain approximately 70% to 82% of the variance in the actual
plug load data. Thisndicates a moderate to strong level of correlation between the generated
profiles and the actual plug load values. However, a potential weakness of this method is that the
dataset used to create the simulations was based on a year of data, so thenadeasrage
between the minimums and maxima. Consequently, there is a risk of prominent peaks and valleys
forming between two hours in the plug load profiles. As a result, selecting appropriatataub

(e.g., seasonal data) for the Monte Carlo method ifnpm the datasets becomes very important.

For creating stochastic profiles, the datasets used have to be selected based on seasonality, monthly

variations, or similar grouping.

The application of the proposed methodology in the UBEM is to model the stochastic plug load
profiles for different buildings of similar types instead of applying the fixed profiles. Having
analysed a cluster of buildings with similar use types and atyariglug loads, the developed
model can be applied to the archetype in a particular climate zone. Using a transfer learning model,

the learned knowledge can be applied to similar archetypes in the same climate zone. In this case,
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plug load schedules for similar archetypes are stochastically modelled to prevent unrealistic energy
demand peaks and oversizing of the district's electrical or thermal distribution systems.
Furthermore, appropriate sizing of energy systems reduces etmrgymption and associated
greenhouse gas emissions. Extracting the representative plug load profiles for different archetypes

in various climate zones can be also used to improve the national building codes and standards.

4.6. Conclusion

Urban building energy simulation uncertainty is significantly influenced by occupktéd
parameters. By assigning fixed and standard occuptated schedules to UBEMSs, a large
difference is observed between the simulated and measured data. Inastierthe high variation

of the profiles in a similar building type of a climate zone and another climate zone illustrates that
simplifying the occupantelated profiles in the UBEM reduces the accuracy and reliability of the

energy demand simulation.

This study presents a stochadisessed model to provide the occupaantric archetypes for the
UBEM. The proposed framework is applied to the plug load data. The applicability of the model
is tested on the office buildings in climate zone 5A from BDGP2ndJthe proposed workflow,
derived plug load profiles of each building type in a specific climate zone can be used to implement
the energy simulation in building, archetype, and district scale. The result indicates a reasonable
correlation between the gerated plug load profiles and actual profile values.

The simulation outcome improves the quality of the energy efficiency measures and energy
savings by enriching building energy simulations with more realistic occuplaned schedules.

In addition, since the occupardlated data is not widely collectedialto the absence of sub
metering devices and privacy regulations, the methodology offers a route to extract the plug load
data from electricity consumption data. However, all electrical loads associated with cooling and
heating are assumed to be plug kdd case the model is extended to more buildings, in which
building electricity use usually includes cooling and heating as well as car charging, it will not
fully comply with this assumption. The workflow could also be used as amwradéature to
different UBEM platforms to provide the representative occupalated profiles. This framework

has limitations that will be addressed in future studies. However, the framework is generic and
applicable to derive other profiles. Finally, this methodology Wl validated with different

buildings occupantelated data and use cases.
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Chapter 5: Gaussianbased electricity usage profile prediction in non

residential buildings archetype*

5.1. Overview
This paper presents an innovative approachdaressing the prevalent challenge of simulation
uncertainty in urban building energy modeling (UBEM), focusing on accurately determining
occuparwrelated input parameters. Traditional UBEM methods typically rely on standard
schedules to create archetypedals, which often fail to reflect the variability observed in-real
world scenarios. To overcome this limitation, this research introduces a novel framework for
generating electricity use profiles in institutional building archetypes across various clomese
This framework integrates-eans clustering with Gaussian processes, effectively incorporating
uncertainties into the prediction models. The evaluation of this stochastic model suggests that the
methodology can give acceptable predictions on iketrecity consumption of institutional
buildings. The model demonstrates robust predictive capabilities, achieving a CVRMSE as low as
11% in weekdays and 8.7% in weekends profiles, reflecting its strong predictive performance.
However, its performance vas among different clusters and time periods, with specific clusters
displaying more significant predictive inaccuracies at particular times. These results emphasize
the importance of finréuning models and offer opportunities for improvement in predjatiban
building energy consumption. This can be achieved by incorporating stersoed data to
develop more detailed building profiles that include variable electricity usage patterns. This
methodology has been integrated into a UBEM tool, enablinggé¢heration of more realistic
electricity load profiles.

5.2. Introduction

5.2.1. Context and motivation
Cities are responsible for over 70% of worldwide energy consumption, and buildings contribute a
significant share of this consumptidd]. Prompt action must be taken to support cities

4 This paper is submitted to Applied Energy. It is under review
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transitioning to carbon neutrality to prevent the average global temperature from increasing by 1.5
e C o r [2]mmanearban energy system, buildings are significant consumers with numerous
opportunities for energy conservation. The urban building energy modeling (UBEM) research field
enables building energy simulation at the neighborhood, district, and city [éyelBo make
demandside energy management decisions, stakeholders can use UBEM as a function of building
standards and operational strategies. UBEM requires Geographical information system (GIS)
based details, energy system characteristics, constructiomaisateveather information, and
occupant behavior (OB) data to model energy performance.

Providing an appropriate set of input parameters is crucial for UBEM to reduce the uncertainty of
building performance simulatiof96]. To classify the required data for modeling and
benchmarking the building stocks at the urban scale, archetype modeling is a promising approach
toward building energy performance prediction at the urban [222][224][30]. A UBEM model

is typically built using archetypes to represent a number of buildings with similar prop&ziies
Difficulties in gathering urban data (geometric and -gepmetric data), lack of updating the
building physics information, lack of subetering (e.g., measuring plug load, lighting), and
privacy policies make the archetype development complex. Thentamehetypes are typically
defined using averaging techniques that consider the buildings' geometries, energy systems,
construction, and standardized/deterministic occupelated schedulef4]. In this approach,
buildings of the same archetype are not differentiated, leading to unrealistic simulation results. The
oversimplification of the archetypes causes increased uncertainty, leading to models with low
predictive capabilitief225]. Also, considering a limited number of building archetypes can only
partially illustrate the complexity of the urban building stptk Therefore, to create accurate and
suitable data for the archetypes, it is necessary to have a significant amount of knowledge or

information about the input paramet§226].

Among the UBEM inputs, OB has a significant role in building energy use through their presence
and interaction with the building energy systd@7][228]. However, input data resolution and

the use of stochastic models depend on the purpose of the simulation at the district or city level. It
IS not necessary to use stochastic models to comply with energy codes. In contrast, input data with
medium to highévels of detail is necessary to support building operations and energy system
sizing. However, previous research works have typically used uniform ocaateted schedules,

which correspond to national averages, despite evidence that ocoelpged schdules vary
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widely between buildingf/8][68][201]. Applying the deterministic archetypes for UBEM leads

to a mismatch between the building's actual and simulated energy demand. Therefore, improving
the archetypes by considering the variety of usage schedules in different building types and climate
zonescould reduce the prediction discrepancy. Recent studies have used stochastic modeling to
account for the dynamic nature of OB. The stochastic model can achieve both heterogeneity across
similar buildings and variability of the OB over tif229]. Stochastic modeling allows tracking
variable OB patterns to provide a more realistic estimate of the energy demand with a high
resolution[16]. While numerous studies have explored stochastic modeling of ocaeteted

factors and buildingcale energy consumption, this research concentrates explicitly on the
developed stochastic models integrated into UBHior! Not a valid bookmark self-
referenceTable3 presents a few significant efforts to develop stochastic models of the occupant
related parameters to be integrated into UBEM tools. The stochastic models have mainly been
developed for residential and office buildings. The studies predominantly apggWtrain and

Monte Carlo simulations to various inputs, including occupant attributes, survey data, and Time
Use Surveys, to model stochastic processes and simulate energy use patterns with varying temporal
resolutions. The models aim to generate outguish as energy flow, usage schedules, and
occupancy profiles, primarily for residential buildings, with a few studies targeting office
environments. Highiesolution modeling is a common theme, reflecting the need for detailed
insights into dynamic energyosumption patterns. Chen et[@R9] proposed a stochastic model

to simulate the occupandalriven energy use integrated with a bottapresidential building stock
model. The stochastic models of the UBEMs have been mainly developed using Markov Chain
processes based on tirase survey (TUSJata or surveyfl 6]. An et al [85] proposed a stochastic
model based on the survey data to predict the cooling loads at the district scale. The study
concluded that oversimplifying occupamiated schedules could overestimate energy use and
cooling loads.

Table3. Stochastic occupancy models of the UBEMs

Study Application Input Technique Model resolution Output Building
type
Yamaguchi | Calculation of occupan| Occupant Markov chain | Each occupant the sum of the Office
etal,[71] schedule attributes, numbe total energy flow
of occupants in in each building
each attribute
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Robinson et| Probability and| Occupantrelated | Markov chain | quarterhourly Office
al., [66] consequence of interactior| data from survey
Schiefelbei | Calculation of internal hea|] TUS First  order| tenrminute Annual Residential
n et al,| gains Markovi interval occupancy,
[230] Chain appliance and
lighting profile
Bollinger & | linkage of models| UK TUS non oneminute Generating Residential
Evins,[76] representing differen| homogeneous| interval residential
aspects of energy hu Markov occupancy and
design and control chains electricity use
profile
Baetens &| modeling of receptacld decennial Belgian heterogeneou| tenminute Uncertainty for Residential
Saelens, loads, internal heat gainy Time-Use Survey| s discrete | interval district energy
[56] thermostat settings and h{ and Household time Markov simulations
water Budget Survey chain
Sokol et al.| defining archetypes ir] Cooling set point, Monte Carlo| - Measured energy| Residential
[83] UBEM lighting, Simulation data for a subset
occupancy of buildings
An et al., | Simulating cooling loads | Survey data Monte Carlo| Five-minutes District cooling Residential
[85] Simulation interval load
Wang et al.,| development of sustainabl census data Monte Carlo| Hourly Hourly energy Residential
[70] energy transformatior Simulation demand profile
strategies
Buttitta and | Generating highemporal | TUS Ten-minute Hourly heating Residential
Finn[231] resolution heating loac interval demand profile
profile
Chen et al.| Simulating occupant an{ TUS Hourly Residential Provide Residential
[229] household event schedule archetype household
enriched by occupantelated
stochastic schedules
occupancy
simulator

The collection of that clustering the electric load profiles in academic buildings highly depends

on the seasonal effect, which refers to the significant difference between the summer and winter
working days. A bottorup electricity consumption model has been proposedothar study to
estimate the electricity consumption and standard deviation of detached houses in Sweden using

probability distributiong232]. Motlagh et al[233] proposed the clustering technique to analyze
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the timeseries electricity use profiles to extract the demand patterns and peak demand. They

mentioned that the load clustering method can clusteregidential buildings' loads.

Previous studies indicate that dynamic building energy modeling, which uses load time series data,
aims to categorize consumers according to the similarity of their typical electricity usage patterns
[19]. Time series data captures the variation in energy consumption over time and is often
characterized by complex patterns and trends. Time series data can be modeled using stochastic
electricity load analysis without extensive data collection other thanatzeitdelf.Kristensen

[225] proposed a method to develop stochaséised building archetypes to simulate the building
energy dynamically. However, the occupagiated parameters were considered fixed, and the
impact of the occupants has been leveled out. Sokol [83presented a methodology to set up

the archetypes' information using probability distributions to measure monthly energy demand in
the lack of data. They acknowledged that the suggested approach is advantageous for smaller
residential and commercial buifdj stocks. However, previous studies show that although simple
datadriven models may be sufficient for predicting demand, stochastic models are required to
capture the time dynamid234]. These enriched archetypes with stochastic occupéated

profiles can provide more accurate energy predictions. Buttitta[éd@teveloped a datdriven

model to integrate various occupancy profiles within the residential archetypes using UK TUS
data. However, only a handful of UBEM studies have considered the impact of different occupant
related schedules on building energy perfance235].

Among the probabilistic modeling approaches, the Gaussian model (GM) is a powerful technique
recently gaining popularity in estimating the uncertainty associated with building energy
predictiong[236]. The multimodal Gaussian model offers a versatile probabilistic framework for
characterizing complex energy consumption patterns. It is a generative modeling approach that
allows for the representation of uncertainty in both the predicted values anmaitrgying model.
Therefore, this method can be used to evaluate the input uncertainty of the UBEM. However, the
GM has been chiefly used to model the relationship between various input parameters (e.g.,
weather conditions, building characteristics) and tleresponding energy consumption or
performance of a building. Few occupaentric archetype modeling frameworks employ this

approach.
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5.2.2. Novelty of the study
This study proposes a framework to develop a novel stochastic model that supports different
building types using timeeries datasets to predict more realistic electricity use profiles to address
the gaps mentioned above. This paper analyzes historicati@ty usage data, extracting
representative profiles and generating corresponding schedules fiesidential buildings while
considering the stochasticity of occupastated electricity usage. The generated schedules
enhance the precision of the lblimg archetypes employed within the UBEM. The archetypes
augmented by stochastimsed schedules can represent the building's performance more
realistically. Using historical data will allow calibrating and updating the workflow based on the

recently measred data.

A combination of the ¥means clustering, and the Gaussian mixture model (GMM) is used to
develop the framework. Additionally, these electric load profiles hold the potential to be integrated
into multi-level simulations, enabling a holistic analysis thatampasses individual buildings,
archetypes, and entire districts for a more comprehensive understanding of energy usage and

efficiency.

5.3. Datasupport and case studies
The Building Data Genome Project 2 (BDGPF237]is an opersource dataset that represents the
energyrelated data from 1,636 naasidential buildings across North America and Europe on an
hourly basis for two years. BDGP2 is used to develop thediatan occupantentric model.
Data was collected dm 3053 energy meters (electricity, chilled water, hot water, gas, water)
located at 19 different sites (1,636 a@sidential buildings) in Europe and North America. Almost
all the data comes from institutional campuses covering various building typbsasuwoffices,
laboratories, classrooms, lodgings, and libraries. Data is available for the years 2016 and 2017
with hourly frequency. The metadata includes the gross floor area, construction year, building
coordinates, and building primary use and-pumary use types. The BDGP2 authors have
cleaned the existing data, and the measurement units for the different energy meters have been

standardized. The data processing is implemented in Python using various libraries.

BDGP2has been used in a few studies to predict the energy consumption of buildings. Roth et al.
[49] combined datariven and physiebased simulation methods to estimate synthetic hourly load

profiles in cities and developed the Sy nCity model using BDGP&t &li.[238] investigated the
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performance of a sequenttesequence attention model for predicting stenn multistep
building energy using BDGP2. Wang et @39] explored the integration of machine learning

with thermal dynamics to enhance the accuracy of building energy forecasts. They utilized the
BDGP2 dataset to train a convolutional neural network (CNN) that incorporates the building's
thermal characteristicallowing for a nuanced understanding of energy patterns influenced by
external weather conditions and internal occupancy behavior. Their approach demonstrated a
significant improvement in predictive performance over traditional models, emphasizing the
patential of combining BDGP2 with advanced analytical techniques in the field of energy

efficiency.

The study's methodology is implemented across diverse building types in different climate zones
within the BDGP2. However, the application of the method has been demonstrated for office
buildings located within university campuses in two distinct climateg. The study encompasses
office buildings located in both the 5A climate zone, referred to as Case X, and the 6A climate
zone, known as Case Y. Two distinct case studies were selected to highlight the diversity of
occuparvrelated profiles across diffemt climate zones. Case X comprises 11 office buildings,
while Case Y encompasses 66. Detailed information regarding these buildings' gross floor area

and construction year can be found in the provided metadata.

5.4. Researchmethodology

5.4.1. Framework for the proposed stochastic model
The methodology employed in this research framework is to generate stcblaasticelectricity
use schedules to replace the fixed and deterministic schedules in the typical archetype modeling
for UBEM. The methodology steps are showFRiigure38. It elucidates the stelpy-step extraction
of the representative patterns of the occupealatted schedules (e.g., appliance usage) from
electricity consumption profiles to generate the stochastic profiles and verify the generated profiles
with actual ded. The process allows the users to input various-senes data and obtain
representative profiles for building performance simulations.
It should be highlighted that the electricity consumption profiles presented in the study are
exclusive to electridadevices, excluding equipment for electrical heating and cooling.

The proposed methodology relies on the dligen Gaussiabased model to stochastically
simulate the schedules. The following steps established the framework: 1) preprocessing the data
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for each building type of a specific climate zone; 2) applyingdans clustering to extract the
representative patterns; 3) developing the stochbased model, including fitting the multimodal
Gaussian distribution on the clustered electricity loadsa gbarticular hour and randomly
generating the profiles; and 4) comparing the generated electricity use profiles with the actual loads

for verification. The term "profiles" pertains to electricity load profiles throughout the paper.

kday & weekend i
(weekday & weeken )/ profiles

‘ Data preprocessing ‘ | Model establishment ‘ | Profile generation | ‘ Model validation ‘
[ 7_37(4ilgfng Data Gen%ej}!—i 1 [ o 7Duifiy electricity pro?fieg T W [ T ~ GMM models T ] ""58;79,,0};0."' —
e — e e e — . Ground truth
- v - . — . ¥ . - Profiles L
4 N Fitting bimodal Gaussian —— — T —
' ™~ HH . 1 -
Data selection Pa.tter.n r.ecognmon distribution ~ ¥ )
Climate zone Visualization ) on hourly data of each cluster 7 Bl . il N
Building type k-means clustering v ectricity profiles
\ > (grouping electricity profiles) | =’
l J Comparing generated values
v with measured data using
Data consolidation | ™ ~ \ comparative metrics
Building’1’ 2| b >
z
to % lv
Building 'n’ 2 ( RMSE ]
hourly occupant-related " e
\ usage dataset ] T g - L2 ——
N _ Electricity profile generation
— Randomly sampling using mean
- -~ B and covariance matrix of
v N <
{ . 2 chosen component /
Data processing o ¥ [ MAE ]
Cleaning s
Normalizing loads ﬁ - = L e
Feature calculation | D
Feature addition + =
Data separation { Representative plug-load ‘ -

Figure38. Methodology overview

5.4.2. Data preparation
The initial stage in model development involves understanding the daily electricity load patterns
for various buildings. Proper data preprocessing is essential for effectively comprehending and
refining the datase{240]. The raw data collected from different sources may contain
inconsistencies, errors, and noises. Thus, data preprocessing provides uniformity and improves the
data quality used as input for subsequent steps in the methodology. In this study, the data
prepiocessing stage encompasses several vital steps, which are: (1) discovering and dimension
reduction of the data; (2) cleaning and imputing the missing data; (3) data scaling; (4) feature
creation/selection; (5) merging the data from different buildingsufens); and (8) partitioning

the data into different groups.

The outcome of this phase will yield two separate data frames for each building type within each

climate zone, one dedicated to weekdays and the other to weekends.
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5.4.3. Clustering of electricity consumptionprofiles
Since the quantities of the data used in this study vary widely, an initial grouping is required to
limit the ranges. Hence, the clustering approach has been applied. Clustering is a data mining
approach to group a dataset into K clusters based on psittelarity. Clustering timeseries data
facilitates extracting valuable information from a massive and complex dataset when supervised
classification proves computationally difficy221]. It is common for load clustering to be
preceded by data preparation, compression, eliminating redundant information, and converting
features into modelR33]. K-means clustering is frequently used due to its simpl[@#i] to
identify the dominant electricity consumption patternsmians clustering is the most common
unsupervised distandsased algorithm in dat@driven modeling of occupancy and archetypes
[222]. Numerous studies have demonstrated the reliability of this clustering method on occupancy
profiles [242]. In the kmeans method, each cluster is represented by the means of each cluster
called the centroid. The objective function of thmkans algorithm is as follows. In the function,
X is the data point (hourly electricity use profiles in this studlys the center of theth cluster,

and n is the number of data points.
B B. M 04 4)

To initialize the optimal number of clusters, different indices such as Elbow point, ERouddin

index (DBI), Dunn, and Silhouette are ug2d3]. The algorithm aims to minimize the distances
between each data point and their respective centroids. However, applgiegn§ clustering on

the timeseries data is challenging because each data point follows an ordered sequence. In this
study, the dailtime-series profiles of all buildings with similar typologies in a particular climate
zone are separated into two specific data frames: weekdays and weekendselms klustering

is applied to explore distinct profiles. Given the consolidation of ddégtricity profiles from

various buildings into a single data frame, these profiles are then grouped into clusters, each
potentially containing profiles from several buildings. As an illustration, in cluster #1, there could
be a combination of 10 profgéefrom buildingl and 30 profiles from buildir§, among other

possibilities.

To implement kmeans clustering, the optimal number of clusters (k) as the main hyperparameter
is defined based on combining the Silhouette coefficient score and thR2ZL@I Furthermore,

profile visualization can help the expert determine the k to cover the most patterns in addition to
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the silhouette score and DBI. The Silhouette score measures how similar an object is to its cluster
(cohesion) compared to other clusters (separation). The silhouette score rangek tivond,

where a high value indicates that the object is-wltchedo its cluster and poorly matched to
neighboring clusters. The DBI is also a metric for evaluating clustering algorithms; a lower DBI
score indicates a better clustering structure, as the score reflects the average similarity between
clusters, with similaty being a measure that compares the distance between clusters with the size

of the clusters themselves.

Figure39presents an example tfe Silhouette score and the DBI for one of the datasets examined

in the study.
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Figure39. Multiple metrics DBI and Silhouette score to identify the optimal numhsusters

In the next step, the profiles are grouped into k clusters. The clustering result is shown in a data
frame containing useful information such as the daily profiles, timestamp, name of building, and
assigned cluster. Pegtocessing is implemented after paeing the data frame to visualize the

clusters and centroids.

5.4.4. Occupantrelated stochastic model
Stochastic modeling of occupamated energy use in urban building energy simulation is also
crucial as it accurately depicts the dynamic energy demand within urban environments, ensuring
a realistic representation of energy consumption patterns skéntal to mention that this study's
objective is to demonstrate the stochastic model itself and the application of stelchsstic
archetypes to archetype modeling. Furthermore, although the model examined profiles, it can be

applied to other occupantlated schedules. Using stochastic modeling in urban building energy
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simulation can improve the accuracy of energy consumption predictions and inform-energy

efficient building design and management strategies.

Stochastic models typically utilize statistical distributions to represent the inherent uncertainty
within the data and can be refined and calibrated using historical consumption data. In stochastic
modeling, random variables are used to model the unegria randomness within a system or
process. By introducing these variables, it becomes feasible to construct a more precise model
capable of accommodating potential fluctuations or unforeseen outcomes. In the context of
analyzing electricity consumptigratterns, fitting the Gaussian distribution to hourly tisegies

data provides valuable insights into the underlying behavior and statistical properties. To assess
the suitability of the Gaussian distribution for modeling electricity consumption datejtthe

step involves evaluating whether this distribution aligns with the observed data. Given that the
data originates from buildings of similar types and climate zones, it is reasonable to assume that

the consumption patterns may exhibit certain ragfida and follow a normal distribution.

Although Gaussian functions provide a flexible model for various data, they do not provide the
bestfit distribution for all clustered hourly electricity loads in this studyhen data exhibits
multiple peaks or modes, a single Gaussian distribution cannot adequately represent the underlying
patterns, resulting in a poor fit and inaccurate modelirfterefore, replacing the Gaussian
distribution with the besdfitted PD oneach sulataset could improve the accuracy of the
stochastic model. This limitatiors iparticularly pronounced in fields such as building energy
modeling, where data frequently displays diverse andumifiorm behaviors. To address this
limitation, the multimodal Gaussian model has been exploited in this study. GMM enables us to
model muliple Gaussian components in the dataset, which is especially useful when there are
multiple peaks in the data. This approach provides a more precise and faithful representation of

underlying data distribution.

Employing the GMM featuring both a mean and standard deviation, it is possible to model
electricity usage schedules to capture the variations in a building's schedules acr§@44fme

The GMM is a probabilistic model that assumes the data is generated from a mixture of several
Gaussian distributions with unknown parameters. The GMM is helpful for modeling uncertainties

associated with occuparglated schedules for building performanmodeling. Earlier studies
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have employed the GMM in analyzing electricity consumption data, but their methods and
utilization of the GMM have varie[245].

To estimate the probability of the occurrence of different power demands, a Gaussian distribution

is fitted to a certain hour within a cluster using a Python function. A multimodal Gaussian
distribution will be applied in each cluster if a single Gausdiattibution does not fit the hourly

data. In other words, the data subpopulations have more than one peak. The Gaussian distribution
hyperparameters are mean (0O) and standard devi

(PDF) of Gaussian is dsllows:

Qi f, = )
Where O is the mean of the distribution and
variable following a Gaussian distribution is referred to as normally distributed and is also known
as a normal deviation. By employing a GM, uncertainties arfsarg limited data, measurement

errors, and variations in the system can be quantified and propagated into the predictions.
However, using a single Gaussian probability distribution to fit data with multiple peaks can be

limiting. This approach assumes thia¢ data follows a unimodal, symmetric distribution, which

often fails to capture the complexity of real datasets.

Therefore, this model can be consisting of k individual Gaussian models, with its probability

distribution represented as follows:
ne Bk ©
Where* is the probability weight of the kth component af@daft h, is the kth Gaussian

distribution.

The stochastic models can be refined and calibrated using actual data, such as loT sensors and
smart meters. The intention of generating the demand profiles based on stochastic processes is not
just replicas of past events but the possibility of predidiimgre events based on historical data.

The methodology to apply the Gausskased model unfolds over four steps, as demonstrated in
Figure40.
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Figure40. Schematic diagram of GM process

The steps of the flowchart are as follows:

Step 1: Start by loading a CSV file containing electricity consumption data into a data frame. Each
row represents a different profile (e.g., a day), and each column corresponds to an hour in the day.
A 'Cluster' column also indicates the cluster to wraelsh profile belongs. Then, the flowchart

identifies unique cluster identifiers from the 'Cluster' column.

Step 2: Using the clustered weekday and weekend profiles, it is possible to stochastically
regenerate the profiles demonstrated schematicalBigare 40. The code fits a GMM with a
specified number of components for each cluster and hour. This is done using the Gaussian Mixture
class from the Scikilearn library in Python. A multimodal Gaussian distribution is applied to the
data if a single Gaussian ttibution does not fit the hourly data. A maximum likelihood estimate
(MLE) is a statistical method used to estimate the parameters of a probability distribution by
selecting values that maximize the probability of observing the given2#a MLE assumes

that the observed data is derived from a particular distribution and finds the parameter values that
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make the observed data most likely under that assumption. MLE leverages the assumption of
independent and identically distributed samples, which is often reasonable for hourly electricity
consumption data. The number of distributions over the whole dateifletbe ¢ t

¢ Daoi OREEIQQI 01 "QoOohé ‘Prbcedure is applied to each building type's
weekday and weekend datasets and climate zones. It should be noted that the resolution of the
BDGP2 is hourly. The model could be adjusted if the dataset contains-hegbértion data. The

fitted distribution on the hourly

profiles could represent the building type and climate zones. Hour 0 and Cluster #0 are the starting
points for the process. According to the proposed workflow, the process continues until all clusters

and 24 hours have been covered.

Step 3: Once the Gaussian distributions (single or multiple) are fitted, these models' random values
are generated for each hour in every cluster. The rationale behind employing the Gaussian
distribution on the hourly data of each cluster is to ensurehbairedicted values remain within

a reasonable range from one hour to the next when compared to the actual data with similar
characteristics. It uses the sampling method of the Gaussian Mixture object in Python to generate
as many samples as there adifgs in the original cluster data. This process is repeated iteratively

as part of the overall workflow, ensuring a diverse and realistic representation of electricity load
variations throughout the designated period. By incorporating random valuesobatbedfitted
Gaussian distributions, the methodology enables the creation of dynamic and representative
profiles that capture the inherent uncertainty and variability associated wivaddl OB and

appliance usage.

Step 4: Each hour's generated samples are assembled into complete profiles. Each profile consists
of 24 generated values (one for each hour), and these profiles collectively form a synthetic dataset
that reflects the learned patterns of electricity condiomgor that cluster. Finally, the synthetic
dataset is saved to a new CSV file. This file contains the generated electricity consumption profiles

that mimic the statistical properties of the original data for that cluster.

5.4.5. Model performance verification
Determining the appropriate approach for validating load profiles generated stochastically is a
subject of debate in OB modelifjgd7]. Verifying the stochastic model refers to assessing the

model's accuracy and effectiveness in predicting and modeling electricity use patterns. Utilizing
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the Gaussian distribution fitted to hourly data from multiple buildings with similar types facilitates
the generation of stochastic electricity use profiles. By capturing the central tendency, variability,
and correlations among buildings, these profilesvigle valuable insights for planning and
decisionmaking in the energy sector. It is important to validate anetéine the generated profiles

to ensure their accuracy and usefulness in various applications.
Various techniques can be employed to confirm the validity of the suggested model.

1 One common approach involves statistical comparison, where the synthetic profiles are
assessed by comparing their mean and variance to the corresponding values in the actual
data for each hoy33].

1 Overlay plots are another technique to plot the synthetic and actual load profiles on the
same graph to visually inspect the overlap and discrepancies.

1 In time-series analysis, autocorrelation, crossrelation, and error metrics are employed

for comparing the synthetic and actual values.

In this study, the simulated profiles are compared with the actual loads using the coefficient of
variation of the root mean squared error (CVRMSE) and mean absolute error [RJAE)

B

6 YD YO———:zpmmb (4)

The CVRMSE can be used to assess the relative variability between the simulated results and the
measured values. In time series analysis, CVRMSE allows the assessment of the quality of
forecasts and the identification of potential improvement areas. CVR#&Eombination of the
coefficient of variation and the root mean squared e€alculating the RMSE takes the square

root of the mean of the squared differences between the predicted and actual loads. This CVRMSE
formula normalizes the RMSE by the mezfrthe actual values, making it a relative measure of
error. The multiplication by 100 converts it into a percentage, which can be easier to interpret. It
measures the typical or average magnitude of the predictive model's errors. In the equation, n is
the number of data points in the datagetepresents the actual value of the target variable for the

ith data point andb represents the predicted value of the target variable for the ith data point

In the MAE equationn is the number of observations, Is the actual value of an observation,

w is the predicted value for the observation. In this formula, the absolute error for each predicted
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value is calculated by taking the absolute value of the difference between the actuabyalue (

the predicted valuax). The result is a nenegative number where smaller values indicate better
prediction accuracy, and larger values indicate lower accuracy. By employing CVRMSE and
MAE, the model's effectiveness in capturing the underlying patterns and variability citéhe d
ultimately ensuring the reliability and robustness of the model for its intended applications, can be

analyzed and verified.

060 -B o ®s (5)

Each method provides a different perspective on the model's performance. It is often best to use a
combination of these methods to understand how well the synthetic profiles represent the actual
consumption patterns. Furthermore, engaging with expertBim@leling can provide additional

insights.

This study employs a combination of overlay plots, statistical comparison, and error metrics,
including CVRMSE and MAE, to validate the generated load profiles by a GMM against actual
data.

5.5. Results and discussions

5.5.1. Data preparation

Data discovery

This study uses electricity consumption to extract the electricity use profiles of the defined use
cases. In the preprocessing step, different characteristics of the loads were extracted after filtering
data based on the climate zone and building typeth&llprofiles are visualized to gain-depth
knowledge of the data. For example, the presence of morning cleaning staff in office buildings
may result in a spike in demand on some working days. Thus, the spike mentioned above should

not be removed from éhdataset since it is not considered an anomaly.

Data on raw electricity demand are presented in a sowjenn format, with each row
representing one time step. The data is formatted by extracting the daily load profile by transposing
the column into 24 columns horizontally representing each houreofldly. Since there is no
feature to illustrate the electricity consumption components (e.g., plug loads, lighting, and HVAC
usage), two conditions have been considered to assume that the electricity consumption values

could be regarded as receptacle loddshe standards set by ASHRAE, the term 'receptacle loads’
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pertains to the electrical energy usage linked to outlets or sockets used for connecting various
electrical appliances and equipment. This includes power consumption by devices such as
computers, printers, chargers, and other commonly usedirplggdgetsin commercial and
residential settings. By checking the metadata, the building has been selected when it has metered
electricity, hot water, and chilled water. It means that the hot and chilled water is used for heating
and cooling, respectively; thus, efecity mainly represents plug loads. In addition, the buildings

are filtered using a calculated feature called receptacle power usage (RPU). The RPU indicates the
acceptable value of the receptacle power density for each building type. For exampkJtoe R

the office buildings is 10 W/fin ASHRAE Standard 9{R48]. Therefore, the assumed RPU is
between 0 to 20 W/fn Visualization also provides a straightforward understanding of pattern
recognition. The data is visualized in daily, weekly, monthly, and seasonal formats. Graphs are
used to describe and explore the data.

Figure 41 and Figure 43 provide the boxplot visualization of the data distribution based on
minimum, first quartile (Q1), median, third quartile (Q3), and maximum. Thentusker plots
represent the degree of variation in each building type and climate zone. Each box repnesents
building's normalized electricity demand W/mWhile certain buildings exhibit comparable
electricity consumption levels, there is a significant variation in the characteristics of electricity

use and the demand patterns across the different structures.

Figure41 shows significant diversity in the average, minimum, and maximum electricity demand
profiles, even within a group of similar buildings. As a result, modeling the buildings individually

presents a complex problem.
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Figure41. Comparison of the electricity demandGke X's buildings

Comparing the electricity usage of different office buildings in climate zone 6A, the medians vary
significantly across the buildings, indicating that average usage is incongtstemef1). While

the buildings share the same climate conditions, factors such as building design, occupancy
patterns, and energy management strategies can contribute to differences in their electricity usage.
The boxplots of these buildings' electricity loads niigplay varying ranges, medians, and
guartiles. Some office buildings might exhibit higher consumption due to inefficient equipment or

extended operating hours.

Conversely, other office buildings may showcase lower consumption owing to exfgeggnt
designs, optimized HVAC systems, or stringent energy conservation practices. Understanding
these variances in profiles among office buildings in similar climateszscrucial for developing
specific archetypes for each type and climate zone. The archetypes help identify energy savings
opportunities and optimize energy performance across the portfolio.
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Figure42. Comparison of electricity demand of Case Y's buildings

Table2 displays statistical data regarding buildings' energy usage in Cases X and Y across various
conditions. In climate zone 5A, Case jildings consume more energy on weekdays, with an
average (mean) of 9.78 Whincompared to 7.74 WhAon weekends. This pattern is mirrored in
climate zone 6A, CasY, where the weekday mean consumption is notably higher at 10.76Wh/m
decreasing to 8.03 Wh/on weekends. The median and mode values align with these trends,
indicating a consistent decrease in energy use during the weekends in both climate zones. The
standard deviation in both cases is higher on weekdays, indicating greater variability in
consumption patterns during these days. The range of consumption (min to max values) is broader
in climate zone 6A, suggesting more significant fluctuations in energy use compared to zone 5A.
These variations could be due to differences in building dpesatoccupancy patterns, or
environmental factors between weekdays and weekends, as well as between the two climate zones.
The data highlights the importance of considering day type and climate zone in energy
management and building efficiency strategies.
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Table4. Descriptive statistics of case studies electricity consumption data

Climate | Case Day The measure of central Measure of variability
zones type tendency
(W/m?)
Mean | Median | Mode Standard Min Max
deviation
5A Case| weekday| 9.78 8.93 6.15 5.07 1.4 32.22
X
Case| weekend| 7.74 6.58 5.96 3.98 0.69 28.79
X
6A Case| weekday| 10.76 | 10.07 8.44 5.85 0.13 83.7
Y
Case| weekend| 8.03 7.09 4.3 4.63 0.14 47.3
Y

The analysis of the descriptive statistics of catselies suggests that energy demands and usage
patterns in institutional office buildings may differ from one climate zone to another, potentially
due to equipment usage, lighting requirements, or occupancy patterns specific to educational
activities. Theefore, it is important to consider these differences when designing energy efficiency
strategies or implementing energy management practices tailored to each building type and climate

Zone.

Data cleaning

After reducing the building data related ttwose buildings that do not fulfill the mentioned
conditions, a data cleaning process is performed to identihglaadity data, such as missing data

and failures in the data collection [56]. Data cleaning was carried out using Python and controlled
by theuser. This imputation strategy assumes that missing data can be reasonably estimated by the
mean of the available values in each column. This is a common method for handling missing data
and can be effective when the missing values are assumed to balsadbtributed or when the

dataset is large enough that the mean is a good central tendency measure. The missing data is also
processed depending on the number of missing data points. Buildings with more than six months
of missing data were excluded befgsreprocessing. To represent the unexpected events in the

building load measurement, the missing data (only a few hours a day) will be replaced by zero.

Data scaling
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To make data comparable between buildings, electricity consumption data is normalized. To this
end, the hourly data are divided by the floor area, giving hourly electricity consumption intensity
values in W/m. The advantage of this approach is that the electricity consumption of buildings of
different sizes is comparable. It must be noted that although each building is comprised of different
zones with different peak loads, this study considers the dailylpaakor the entire building. In

case one or nte zones have significantly different demands, those zones can overly influence the

results.

Populating data of different buildings

Based on the considered strategy, the data of the buildings with similar types in a certain climate
zone is merged in a data frame for the next processes. To populate the building's data, the building
ID is a common feature between the electricity consiompiataset and metadata. Each building's
information, including its ID number, floor area, and calculated features (shown in the next stage),

is merged into a data frame.
Feature creation/selection

In the next step, features such as time components, weekday/weekend, and seasons are created to
prepare the raw data into a suitable format for occupancy modeling. An additional feature
calculated to visualize consumption variation in all cases is theahetactricity consumption.
Figure43illustrates the annual electricity consumption of the case studies. Analyzing the yearly
electric power load in office buildings across two distinct ASHRAE climate regions, zones 5A and
6A, offers a significant understanding of the variations in energyuogpison behaviors and
efficiency strategies under varying weather conditions. Climate zones 5A and 6A represent
different weather patterns, including variations in temperature, humidity, and seasonal changes.
These climatic factors significantly influendaie electricity demands of office buildings.
Occupantrelated factors such as operating hours, occupancy density, and individual energy usage
habits can vary in office buildings across different climate zones. Variations in OB can influence

electricity cosumption, particularly in lighting, equipment usage, and plug loads.
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Figure43. Comparing the annual electricity consumption (kW) of all case studies

The building floor area does not necessarily correlate with the electricity usage. As an example,
the floor area of the Case X office buildings varies between 1129 and §728ita the electricity
consumption average does not necessarily correlate wiffotrearea. The correlation between

floor area and electricity usage average is often weak, as various other parameters influence it. It
is important to note that this finding is valid for all cases. While larger buildings may generally
have higher energgemands due to increased space and equipment, the correlation can be
weakened by building efficiency, occupancy patterns, and energy management practices.
Buildings with smaller floor areas can still have substantial electricity loads if they house-energy
intensive activities or employ inefficient systems, emphasizing the need to consider multiple
factors beyond just floor area when evaluating building energy consumption.

Data partitioning

Due to the significant difference between weekday and weekend schedules, the yearly profiles are
divided into weekday and weekend profiles. This step results in weekday/weekend schedules of

electricity consumption for each case in a particular climate.zone

5.5.2. Clustering implementation
Visualizing all electricity use profiles in the same climate zone reveals the variety of profiles in
the same building type. It must be noted that the buildings' size and construction year vary widely
on each site. Normalizing the hourly loads by the flm@a of the building eliminates the impact

of the floor area. If the assumption regarding considering electricity loads as receptacle loads is
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met, the construction year may not significantly impact the equipment's electricity consumption.
This is because the energy consumption of these devices depends more on their own efficiency
and usage patterns rather than the building's age or constriesiomes. It should be noted,
however, that buildings constructed more recently may have appliances and equipment with higher
energy efficiency ratings, which will result in lower electricity consumption than older buildings
with outdated or inefficient egpment. It is evident that it cannot be a robust hypothesis since the

equipment of an old building could be thoroughly modern and energy efficient.

Figure 44 indicates the clustering result of the weekday and weekend profiles of the office
buildings of Case X. The outputs of clustering are the values of the cluster centroids representing
the characteristics and categorization of the profiles based on proximilts/gy to the centroids

for each building type within a climate zone. The combination of the Silhouette score and DBI

shows five clusters for weekdays. Similarly, weekends are clustered into five representative
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Figure44. Clustering of Case X's buildings' weekday (left graph) and weekend (right graph) profiles.

The result of applying-fneans clustering to ofngar electricity use profiles of 11 office buildings

in a specific climate zone offers valuable insights into the energy consumption patterns within this
context. The clustering analysis identifies distictisters that exhibit similar energy usage
behaviors by grouping the buildings based on their electricity demand profiles. These clusters can
represent different types of office buildings with characteristic consumption patterns, such as high
peak demandssteady and consistent consumption, or fluctuating usage. Understanding these
clusters allows for a deeper understanding of the factors influencing energy consumption in office

buildings within the climate zone.
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According to sectiorb.3, the buildings studied are institutional office buildings, which often
exhibit distinct working hour patterns compared to traditional corporate office buildings. The
presence of academic staff, researchers, and students can result in a more varied and dynamic
occupancy schedule. The working hours may extend beyond regular busimsssu®oto evening

classes, research activities, or collaborative projects, creating a unique activity rhythm within these
buildings. The working hours of office buildings on university campuses may vary across different
departments and disciplines. Foraexle, administrative offices may adhere more closely to
regular business hours, while research laboratories or academic departments might have flexible
schedules to accommodate experiments, fieldwork, or academic pursuits. The diverse nature of the
university environment leads to a broader range of working hour patterns within office buildings

on campus.

Figure45illustrates a different aspect of the clustering result of Case X's buildings regarding the
distribution of profiles within each cluster. It demonstrates that around half of the weekday profiles
are in Cluster #1 with a mean of 5.95 \¥/he lowest mean value among all clusters. This implies
that office buildings may have comparable weekday electricity use characteristics, operational
schedules, or OBs contributing to similar energy consumption trends on weekdays. This result also
suggess that the buildings in the cluster share common factors that influence electricity load, such
as building type, equipment type, or operational practices. In contrast, the placement of the profiles
in the other four clusters suggests a greater variatitre patterns of electricity loads among the
office buildings. This diversity may indicate potential energy efficiency opportunities, as it could
imply that some buildings within the cluster are more enef§gient than others. Analyzing and
comparingthe profiles can help identify buildings with higher or lower energy consumption and
guide efforts to improve efficiency across the cluster.
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Figure 45. Number of weekday (left graph) and weekend (right graph) profiles in each cluster of case X's buildings.
The number of profiles in eluster also influences the cluster's representativeness. A cluster with
a few profiles may not accurately capture the energy usage patterns of all the buildings in that
cluster. In such cases, it is important to consider the statistical significancerdiaticce in the
clustering results to ensure that the identified patterns are reliable and representative of the entire
set of office buildings. The highest number of weekend profiles are in a cluster with a mean of
4.01 W/nt. Clustering can also highlighdifferences in energy consumption among office
buildings during weekends. The clustering results can provide insights into potential energy
efficiency opportunities during weekends. Buildings within clusters with lower energy

consumption profiles can s&r as benchmarks for energy efficiency practices.

Figure4d6illustrates Case X's clustering centroids of weekday and weekend profileseritheads

can provide insights into the operational schedules of office buildings. For example, a cluster with
a centroid indicating high energy consumption during late evening hours might represent buildings
with extended working hours or facilities thatquire continuous operation. The weekday and
weekend centroids reveal the difference in electricity usage in buildings. Significant variations in
centroids can indicate different usage patterns during weekdays and weekends, which may be
attributed to redeced occupancy, various activities, or operational adjustments made during
weekends. These profiles allow for observing consumption patterns, such as peaks during business
hours or uniform usage throughout the day. The consistent closeness of each ima uliikter
suggests homogeneous behavior among the profiles it represents. Although the plots appear
similar, any differences might be indicative of variations in load profiles under different conditions

or days, which is not specified by the image ftsel
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Figure46. Clustering centroids of weekday (left graph) and weekend (right graph) profiles of case X's buildings.

Figure47indicates the clustering result of Case Y's buildings' weekday and weekend profiles. As
seen in thdeft graph (weekdays), therofiles follow similar trends compared to the weekday
electricity use profilesf the buildings in Case Xdowever, therofilesacross different buildings

in Case Y exhibit less variability than Case X buildings' profiles. In the buildings of Case Y, the
profiles may be closer together because the occupants in these buildings exhibit similar usage
patterns. For example, they may have identical working hours, equipment usage requirements, or

work processes that result in consistent electricity usage.
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Figure47. Clustering of Case Y weekday (left graph) and weekend (right graph) profiles.

Figure 48 illustrates the distribution of Case Y's buildings' profiles on weekdays within each
cluster. Around 60% of the profiles of this case are grouped in Clusters #3 and #4 with a mean of
7.1 and 9.5 W m2, respectivel y.steri@goftipeaveekdayy t he
profiles implies that Case X tends to have lower energy values for its weekday profiles, with a
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significant portion falling into one cluster (Cluster #1). In contrast, Case Y exhibits higher energy

values, mainly distributed between two Clusters #3 and #4.

Figure48. Number of weekday profiles in each cluster of Case Y's buildings.

Figure 49 illustrates the distribution of Case Y's buildings' profiles of weekends within each
cluster. Clusters #0 and #3 account for around 60% of weekend profiles, with an average of 5.1
and 7.8 W/m2. This indicates the average amount of energy consumed perasitjaaee meter)

by pluggedin devices in the buildings belonging to these clusters during weekends. The identified

clusters and their prevalence highlight distinct energy usage patterns-arorang days.
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