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Abstract For PhD 

Stochastic Occupant-centric 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 uncertainty is largely due to the stochastic nature of occupant 

behavior, which current models often oversimplify with fixed occupant schedules. Consequently, using 

the same occupant schedules for similar buildings leads to unrealistic peaks in energy demand. This 

thesis aims to enhance UBEM's accuracy by developing a framework for extracting and modeling 

realistic occupant schedules from historical data in mixed-use districts, addressing the unpredictable 

elements of occupant behavior and reducing the uncertainty in energy simulations. This 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. The second objective 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 data-driven method to extract representative occupant schedules, 

particularly related to 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 Markov-Chain 

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 objective is to 

replace the MCMC method with a Gaussian mixture model. The sixth objective integrates this stochastic 

model into the UBEM system to form building archetypes. The research concludes with neighborhood-

level building energy simulations and model validation using real data, confirming its accuracy and real-

world relevance. The study's outcome is the creation of occupant-related schedules tailored for each new 

building simulation, accommodating the stochastic nature of occupant behavior. The research 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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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 consumption [1]. The transition of cities toward carbon neutrality must be supported 

immediately to prevent an increase of 1.5 Celsius in global temperatures [2]. A building is one of 

the major energy consumers within an urban energy system, and it is capable of saving energy by 

several means. The simulation of building energy demand as a function of building standards and 

operational strategies can assist stakeholders in making decisions regarding demand-side energy 

management strategies [3]. 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 simulate the urban 

buildings' energy demand [4]. Among the influential parameters for the accuracy of the UBEMs, 

occupant behaviors are paramount factors [5] [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 modeling realistic occupant-related parameters 

accounting for their inherent stochastic characteristics is challenging [5]. Therefore, most previous 

research has utilized fixed occupant-related schedules for UBEM, which cannot capture occupant 

behaviors' variations and complexity [9]. As a result, the simulation results often differ from the 

actual data, especially for high-resolution performance simulations. Additionally, this deviation 

between simulated results and real data can lead to misguided energy-saving strategies or 

inefficient building operations [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 real-world energy consumption patterns.  

Smart meters provide a pivotal opportunity to refine occupancy modeling, thereby reducing 

uncertainties in building performance simulations [11][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 purposes [6]. There 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 collection [14]. 
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These issues constitute the thematic background of the current research work: we develop a 

stochastic-based occupant-centric model that dynamically simulates occupant-related schedules 

and links it to urban building energy simulation models in an automated way. Utilizing 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 demand-side 

energy more effectively. 

1.2. Problem statement and research questions 

UBEM accuracy and building energy consumption are influenced by occupant-centric parameters 

(e.g., presence, lighting, appliance use, setpoint temperature, and hot water usage) [15]. Using 

archetypes (standard models with fully characterized buildings) [16] often results in unrealistic 

energy predictions for buildings described by the same archetype [5]. Researchers investigated the 

impact of different parameters such as weather data [17] and geometry [18] on the total urban 

building energy consumption [19]. However, there are still many challenges to investigating the 

effect of occupant-related schedules, mainly related to their level of detail [20]. There is limited 

knowledge about the occupant-related data [21] their movements and actions, specifically in the 

urban scale.  

To have a more robust output from building energy simulation, UBEM usually requires occupant-

related schedules for different building types. As mentioned, fixed values and schedules are 

typically used when simulating a district or clusters of buildings [22]. 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 be over-dimensioned to 

cover such peak demands [23]. It is possible to obtain a more realistic district load curve by 

modeling stochastic occupant behavior accurately. Researchers have conducted research on 

stochastic-based 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 districts [5]. To address the above-mentioned issues, the 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 well-structured 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 context? 

 

3. How can a stochastic model be formulated to generate occupant-related schedules, which 

can then substitute the standard fixed schedules in UBEM models? 

 

4. to what extent can the techniques employed 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? 

Stochastic occupancy modeling is a promising way to support the variability and stochasticity of 

the occupant-related schedules to simulate district demand more accurately. Additionally, it could 

be demonstrated how the stochastic occupant-related profiles enhance the urban building energy 

modeling workflow to predict the demand. Using the time-series prediction, it is possible to 

manage urban buildings (e.g., predict electricity consumption, control the distribution grid more 

efficiently, and forecast thermal demand for HVAC systems).  

1.3. Research objectives 

Given the problem statement in section 1.2, the primary objective of this research is ñto develop a 

framework to extract the representative occupant-related schedules (e.g., presence, electricity 

usage) from historical time-series data for mixed-use districts and model them considering the 

stochastic nature of occupant behavior.ò This study aims to contribute to the development of a 

model that could improve simulation accuracy and pave the way to identifying optimum energy 

management strategies and enhance the efficiency of energy management systems. The objectives 

of this study can be listed as follows: 

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

the stochastic-based occupant-related 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 

occupant-related data for seamless integration into UBEM tools.  

3. Develop a stochastic-based occupancy modeling framework aimed at reducing the 

uncertainty associated with occupant behavior within Urban Building Energy Models 

(UBEM). 

4. To develop stochastic-based building archetypes specific to institutional buildings, 

advancing beyond the conventional deterministic archetypes and enhancing the predictive 

accuracy of UBEMs. 

5. To integrate the stochastic-based occupant-centric model with the Tool4Cities platform for 

dynamic building simulation. 

6. To evaluate the performance of the stochastic-based occupancy model against the 

deterministic models in UBEM models 

1.4. Scope and context 

This thesis is written in the context of urban building energy modeling for Canada Excellence 

Research Chair program at the Next Generation Cities Institute, Concordia University. While the 

developed models of this work are generic, the application case focuses on non-residential 

buildings in the five different climate zones. 

1.5. Thesis organization 

This thesis comprises four peer-reviewed journal papers, one peer-reviewed conference paper, and 

an additional chapter that provides further analysis of the implications of these papers. Chapter 2 

provides a comprehensive literature review, focusing on the critical influence of occupant-related 

inputs on energy simulation accuracy at both building and urban scales. This chapter addresses the 

challenge of integrating and detailing this data into urban-scale modeling, emphasizing the 

required level of detail for occupancy input. Chapter 3 highlights the absence of a structured 

framework for efficiently organizing the scattered data required for urban energy simulation. The 

chapter proposes a framework for developing urban data models that seamlessly integrate with 

urban energy modeling tools, facilitating energy assessments within urban contexts. Chapter 4 
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proposes a framework to model the stochastic-based occupancy archetypes using the Markov 

Chain-Monte Carlo method, improving the accuracy of the stochastic profiles. Chapter 5 explores 

the application of Gaussian processes, a powerful probabilistic modeling technique, to represent 

uncertainty in predicted values and the underlying model and improving the defined stochastic 

model. In chapter 6, a district building simulation model is evaluated against three scenarios in 

which occupant-related (electricity use and occupancy) schedules are applied, including fixed 

occupancy schedules, stochastic occupancy schedules derived from BGD2 data, and stochastic 

occupancy schedules from campus building data. A discussion of the main conclusions derived 

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 sources - a review1 

2.1. Overview 

Occupant-related inputs are significant parameters that influence energy simulation accuracy at 

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

were used in urban-scale 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 were introduced to increase the availability of occupant-related data sets. 

Yet, using these data to model 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 paper presents a 

comprehensive review of the occupant behavior (OB) modeling approaches, occupant-related 

input parameters with particular focus on the occupancy schedule, lighting, appliances use 

schedule, temperature set-point schedule, and domestic hot water usage for urban building energy 

modeling (UBEM). Strategies to consider the occupancy sub-models as co-simulation connecting 

to urban building energy simulation are discussed. Some potential datasets that could be used to 

derive occupant-related inputs at the urban scale are presented and highlighted. Further, the 

correlation between occupantsô activity level, plug, and lighting loads is discussed in detail. 

Finally, the limitations and challenges of the occupant-related data connecting to building energy 

modeling are discussed along with the research gaps and future directions of occupant-centric 

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 impacts [24]. Hence, energy planners and stakeholders are 

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

 
1 S. Dabirian, K. Panchabikesan, and U. Eicker, ñOccupant-centric Modeling for Urban Building Energy Simulation: 

Approaches, Inputs, and Data Sources - A Review,ò Energy Build., vol. 257, p. 111809, 2021, doi: 

10.1016/j.enbuild.2021.111809. 
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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 

physics-based computational modeling to simulate a group of buildings' performance considering 

the buildingsô dynamic and inter-connection [4]. Although UBEM can be an 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 demand [26].  

In general, detailed data and realistic modeling assumptions are required so that a UBEM could 

estimate the representative energy demand of buildings [27]. In specific, UBEM requires input 

related to geographical information system (GIS) [28], weather data [29], building characteristics 

including materials [30], year built [31], heating, ventilation, and air conditioning (HVAC) types, 

occupancy, and equipment usage schedules [20]. 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 the UBEM [32]. Similar to the weather and building-related 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 of the important sources for the uncertainties in UBEM [4], [33], [34], [35], [36], [37]. It is 

reported in the literature that the occupant-related uncertainty is relatively higher compared to 

inputs related to infiltration rate and building envelope materials [38], accounting for up to 30% 

of the estimated building energy demand variation at the urban scale [39]. Romero [40] 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 (BEMS) [40]. Several researchers 

are interested in developing novel data mining/data-driven, stochastic models representing 

occupancy and its associated inputs in energy simulations, recommending occupant-centric 

controls in buildings, and providing user-specific energy-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 occupant-centric UBEM is scarce. Most of the UBEM tools focus on the 

effects of weather conditions, building physics, and construction features rather than the impact of 

occupants [41]. Therefore, OB modeling and considering distinct occupant patterns in UBEM can 
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provide representative energy consumption data, which helps decision-makers provide more 

efficient measures to control the urban building systems. It is 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 context, this review aims to 

(1) consolidate research works available in the literature on occupant-centric urban building energy 

modeling, (2) different occupancy modeling approaches, (3) provide insights on occupant-related 

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 and 

extracting occupant-related 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 advanced the building energy performance 

analysis and enriched the modeling inputs in the past decade. Annex 53 described the influence of 

occupant activity and behavior quantitatively on the residential and office buildingsô energy use 

[42]. Annex 66 established a framework to simulate the OB model and integrate it with the building 

energy performance tools [36]. Following Annex 66, Annex 79 focused on occupant-centric 

building design and operation [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 OB models in BPS. 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 et al. [45] conducted 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 influences building energy 

consumption, the driving factors of the energy-related OB should be identified. Zhang et al. [46] 

conducted a review on rethinking OB in the BPS. They categorized the occupant energy-related 

behavior into interaction with window, lighting, heating, and cooling behavior. Regarding the 

occupancy modeling approaches, Jia et al. [41] reviewed state-of-the-art occupancy modeling 

methodologies and compared them based on their advantages and disadvantages. They concluded 
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that the agent-based modeling integrates appropriately with the building energy simulation tools, 

while stochastic-based and data mining techniques are used to track long-term OB patterns to 

estimate the energy demand. The above-mentioned studies investigated the occupancy at the 

building scale.  

The proliferation of occupant-centric big data such as IoT, sensor-based, 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 operation. Hou et al. 

[47] proposed a novel framework to model the interaction between the building occupants and 

urban energy systems using Wi-Fi infrastructure to extract the occupancy profiles. The location-

based services data such as Google Maps or Facebook is used to create context-specific, data-

driven occupancy schedules in 13 different U.S. cities [48]. In another study, the occupancy 

profiles were derived from high-resolution mobile positioning data in 900 buildings in downtown 

San Antonio, Texas [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, Barbour et al. [50] 

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 Meggers [53] proposed a two-step framework to characterize the building model-based 

and pattern-based behavior using temporal feature extraction of 507 non-residential buildings.   

In addition to developing the OB models based on the available urban data, some studies have 

investigated the impact of different occupant-related input parameters on energy management, 

urban building energy simulation, and energy system sizing. Xu et al. [54] proposed an energy-

saving alignment strategy to achieve maximum energy efficiency, focusing on occupantsô 

thermostat preferences and apartmentsô operative temperatures in a public housing project in New 

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 mixed-used district in central Zurich, Switzerland [55]. Mosteiro-Romero and Schlueter [33] 

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, such as deterministic, stochastic, 
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and population-based methods. Baetens and Saelens [56] quantified the occupant-related 

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 present review 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 bottom-up physics-based 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 al. [5] 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 

human-building interactions and mobility behavior at the urban scale. They categorized the 

occupant-centric urban data into six categories: occupancy schedules, mobility data, building 

performance, operational data, environmental, and survey data. In another review, Dong et al. [7] 

investigated the gap between occupancy modeling and data sources in building science and other 

fields to identify the challenges, modeling requirements, and policy at the urban scale. The above-

mentioned reviews were focused on the categorization of OB modeling in UBEM and discussed 

the advantages and disadvantages of each occupancy model. To the authorôs knowledge, these 

review papers have not discussed the required occupant-related input parameters for UBEMs 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 occupant-related input parameters (occupancy schedule, lighting, plug load schedule, 

setpoint temperature schedule), potential data sources that shall be used to extract occupant related 

inputs and co-simulation 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 occupant-related 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 occupancy for UBEM 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 occupant-related input parameters such as lighting, 

appliance usage, temperature setpoints, and domestic hot water. 

 

Figure 1. Reviewed papers publication year 

The publications were screened considering 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 second keyword to limit the output. If the references passed both the above-mentioned 

screening criteria, they are included in this review as well. All the collected papers have been 

examined to define the UBEM primary application, occupancy sub-models, source of occupancy 

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

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

To model the building energy requirements and improve energy sustainability at the city scale, 

UBEM is a powerful tool that combines urban data with energy simulation engines. The major 

applications of UBEM are evaluating the system performance [59], identifying the potential for 

building retrofit [19], energy-driven planning, and urban decision-making [60]. UBEM approaches 

are classified as top-down and bottom-up models [61], [62]. The top-down model as a data-driven 

approach predicts long-term energy consumption using macroeconomic data and statistical 

information at the urban and regional levels [59]. This approach does not deal with individual end-

uses. The top-down model's major drivers include gross domestic product, population, household 

size, energy price, and climate [63]. 

On the other hand, the bottom-up model that is the most applied method to model urban building 

energy examines the individual's energy use or a group of buildings [32]. The bottom-up approach 

is applied when the energy demand analysis assesses each building's contribution to urban energy 

consumption [64]. The bottom-up 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 bottom-up method's strengths are the 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 SUNtool [66], CitySim 

[67], UMI [68], TEASER [23], CityBES [69], and CESAR [70]. UBEM tools like CESAR were 

proposed to model the energy demand and retrofitting based on an automated bottom-up approach 

in different spatial scales [70]. 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 occupancy sub-models in UBEM. The 

occupancy sub-models characteristics include the occupancy modeling approach, occupancy 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 more than one occupant-related input parameter in their 

simulation
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Table 1. Urban building energy modeling workflows and platforms selected for review with a focus on occupancy models 

Authors [Ref] Platform/tool  UBEM objective  Occupancy 

modeling 

approach 

Occupancy-related 

data type 

 Data source Building 

type 

Simulation 

engine 

Yamaguchi et 

al., [71]  2003 

- Evaluating options for district 

energy systems design 

Stochastic  Presence, appliance 

usage, activity 

schedules, HVAC 

Customized Office HASP 

Robinson et al., 

[66] 2007 

SUNtool Describing the factors which 

influence dynamic demand  

Stochastic Presence, appliances, 

windows, lighting & 

shading, HVAC 

Literature Office Customized 

Shimoda et al., 

[72] 

2007 

- Simulating heating and cooling 

demand, operation of appliances 

& occupantsô behavior 

Stochastic Presence, lighting, 

appliance, HVAC 

use, DHW, activity 

schedules 

Customized Residential Customized 

R-C model 

Heiple & Sailor, 

[73] 

2008 

- Estimating hourly & seasonal 

energy consumption profile 

Deterministic Presence, lighting, 

appliance, HVAC 

use 

ASHRAE, 

NREL 

Commercial 

& Residential 

eQuest 

Robinson et al., 

[67] 

2009 

CitySim      Simulating buildingôs energy 

flows 

Deterministic 

& stochastic 

 

Presence, activity 

schedules, windows 

Customized Residential Customized 

R-C model 

Caputo et al., 

[74] 

2013 

- Assessing different energy 

strategies by characterizing 

energy performance 

Deterministic Presence, ventilation, 

internal loads 

Customized Commercial 

& Residential 

EnergyPlus 

Reinhart et al., 

[68] 

2013 

(Urban Modeling 

Interface) 

UMI 

Analyzing operational energy Deterministic Presence, appliance, 

lighting, HVAC use 

ASHRAE All types EnergyPlus 

Radiance, 

Daysim 
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Authors [Ref] Platform/tool  UBEM objective Occupancy 

modeling 

approach 

Occupancy-related 

data type 

Data source Building 

type 

Simulation 

engine 

Orehounig et 

al., [75] 

2014 

- Integrating decentralized energy 

systems 

Deterministic Appliance, lighting SIA 2024 Residential, 

hotel & office 

EnergyPlus 

 

Remmen et al., 

[23] 

2015 

(Tool for Energy Analysis 

and Simulation for 

Efficient Retrofit) 

TEASER 

Simulating spatiotemporal energy 

demand 

Deterministic

& stochastic  

Presence, appliance, 

lighting 

Richardson 

lighting use 

model (TUS) 

Residential Modelica, 

AixLib  

Bollinger & 

Evins, [76] 

2015 

(Holistic 

Urban Energy Simulation) 

HUES 

Simulating urban multi-energy 

systems 

Stochastic Presence, appliance, 

activity schedules 

Richardson 

activity and 

appliance use 

model (TUS) 

Residential EnergyPlus 

Nouvel et al. 

[77], 2015 

SIMSTADT Analyzing city districts energy Deterministic Presence, appliance, 

lighting, HVAC 

The 

Association 

of German   

Engineers 

(VID)  

All types ISO/CEN 

standards-

based 

reduced-

order model 

Fonseca et al., 

[78] 

2016 

(City Energy Analyst) 

CEA 

Retrofitting and designing district 

energy systems 

Deterministic Presence, ventilation, 

lighting, appliance, 

HVAC, DHW  

SIA All types R-C model 

Baetens & 

Saelens, [56] 

2016 

StROBe Accounting uncertainty for 

district energy simulations 

Stochastic Presence, lighting, 

activity schedules, 

appliances, DHW 

TUS, 

questionnaire 

survey 

Residential Modelica, 

IDEAS 

Ellis, [79] 

2016 

Params-NZP Generating building energy 

models for parametric analysis 

Deterministic Presence, lighting, 

appliance, HVAC, 

DHW 

DOE Army, 

commercial 

& residential 

EnergyPlus 
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Schiefelbein et 

al., [80][81] 

2016 

- Thermal simulation & load flow 

calculation 

Stochastic Presence, appliance 

& lighting 

Richardson 

model (TUS) 

Residential TEASER 

(Modelica) 

Cerezo Davila 

et al. [29] 

MIT UBEM Tool Calculating hourly energy 

demand load 

Deterministic Presence, lighting, 

appliance, HVAC, 

DHW 

ASHRAE All types EnergyPlus 

Hong et al., 

[69][24] 2017 

City Building Energy 

Saver (CityBES) 

Energy benchmarking, urban 

energy planning, Retrofit analysis 

Deterministic  Presence, lighting, 

HVAC, appliances  

DOE office & 

commercial 

buildings 

EnergyPlus  

Ahmed et al., 

[82] 2017 

- Forecasting city-scale energy 

demand (end-use profiles)  

Deterministic Presence, lighting, 

HVAC, appliances, 

activity schedules 

DOE All types EnergyPlus 

Sokol et al., 

[83] 2017  

- UBEM calibration 

Providing usage profiles 

Stochastic Presence, appliance, 

lighting 

Customized All types EnergyPlus 

Nageler et al., 

[84] 2017 

- Simulating annual heating & 

DHW energy consumption 

Deterministic Presence, window 

ventilation, 

equipment, lighting 

IDA ICE 

occupancy 

model, SIA 

Residential, 

office, 

commercial, 

school 

IDA ICE 

An et al., [85] 

2017  

Stochastic Occupant 

Behavior (SOB) 

Simulating cooling load  Stochastic Presence, lighting, 

appliances, HVAC 

control, window  

Questionnair

e survey 

Residential DeST 

Wang et al., 

[70] 2018 

(Combined Energy 

Simulation and 

Retrofitting) CESAR 

Simulating energy demand & 

retrofitting modeling 

Stochastic  Presence, activity 

schedules  

SIA 2024 Residential EnergyPlus 

Torabi 

Moghadam et 

al., [86] 2018 

- Estimating energy consumption Deterministic Presence (Building 

occupation ratio) 

ISTAT 

national 

census 

Residential Customized   

El Kontar & 

Rakha, [87] 

2018 

- Modeling occupancy & 

consequent energy loads 

Deterministic Lighting, equipment, 

appliances, presence  

Energy 

measured 

data 

Residential EnergyPlus 



 

17 | P a g e 
 

Figure 3 indicates the percentage of each occupant-related input parameter considered in the 

UBEM studies mentioned in Table 1. Figure 3 is drawn as the result of the meta-analysis of 

reviewed papers mentioned in Table 1. Occupantsô presence is the primary input parameter for 

92% of the UBEMs. 79% and 75% of the UBEMs 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 much representative DHW usage could 

influence building energy simulation [88].  

 

Figure 3. Occupant-related input parameters considered in the UBEM based on Table 1 

Figure 4 illustrates the data source of occupancy sub-models in the UBEM presented in Table 

1. The inference from Figure 4 is that 22% of the UBEMs used the customized co-simulation 

for occupant-behavior inputs. 18%,17%, and 13% of the UBEMs used the Swiss Society of 

Engineers and Architects normative (SIA), Time use survey (TUS) dataset, and American 

Society of Heating, Refrigerating and Air-Conditioning Engineers (ASHRAE) schedules to 

model occupancy. The other sources such as Department of Energy (DOE) occupant-related 

profiles, Italian National Institute of Statistics (ISTAT) national census, questionnaire surveys, 

Association of German Engineers (Verein Deutscher Ingenieure), and energy measured data 

have been used less than 10%, respectively to model the occupancy in the UBEMs. The 

distribution of the building types considered in UBEMsô occupancy sub-models is shown in 

Figure 4. In 25% of the UBEMs, all types of 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 applied for different UBEMsô occupancy sub-models. Figure 5 

indicates the number of UBEM models that support different building types based on Table.  

 

Figure 4. The data source for occupancy sub-models in the UBEMs considered in Table 1 

 

 

Figure 5. 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 building systems [89]. The term óoccupancyô describes the occupants' presence 
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and absence in each buildingôs usage zone. Occupant energy use behavior describes occupants' 

interaction with electrical appliances, lighting systems, thermostat setpoint settings, and other 

building energy systems [90], [91]. In the previous studies, various parameters such as occupant 

presence/absence state [92], lighting [93], plug loads [94], and thermostat setpoints [95] 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 necessarily capture the variation associated with 

occupancy. For instance, UMI [68], CEA [78], and CityBES [69] 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 presence and electrical 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 al. [70]  model the occupancy schedules based on 

the occupantôs presence and activity profiles to predict the district energy demand and model the 

retrofitting. The modeling approaches of occupancy (Figure 6) in both building and urban scale 

generally include deterministic, data-driven, stochastic/probabilistic, and agent-based approaches 

[45], [96].  

 

Figure 6. Occupancy modeling approaches 

2.4.1. Deterministic approach  

The deterministic approach refers to the fixed schedules (low-level of complexity) extracted from 

standards (such as ASHRAE [97], DOE [5] and National Energy Code of Canada for Buildings 

(NECB) [98]) or a set of certain rules [5][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 al. [78] in the CEA used standard time-series data to represent occupant 

schedules, ventilation rates, and temperature and humidity setpoints for all buildings embedded in 

the archetype database. Robinson et al. [67], in the CitySim tool, considered the deterministic 

profiles of presence, windows and blinds opening, lights, appliances to simulate buildingsô energy 

flows. In the literature cited, "deterministic" implies use of rule-based models. However, 

deterministic models are not necessarily rule-based but can be based on some correlational 

equations or associations which are clearly outlined within the system constraints. Thus, 

deterministic models cover both rule-based and schedule-based models, but not all rules have to 

be deterministic (e.g., a presence/absence randomizer that is active only during certain time periods 

is both stochastic and rule-based). Figure 7 shows an example of deterministic schedules for 

occupancy, lighting and appliances, and domestic hot water consumption considered in the CEA 

tool for a school building in Switzerland. 

 

Figure 7. 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, modified from [91]  
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2.4.2. Data-driven modeling 

On the other hand, occupant-related inputs derived using the data-driven 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 devices (such as BEMS, smart thermostats) 

has made it possible to create publicly available databases, including building characteristics, 

occupant-related data, and energy consumption. This made it possible to develop the data-driven 

models with the integration of the engineering simulation to create a more accurate building energy 

simulation model. The data-driven approach mostly uses data mining techniques (most commonly 

k-means [101], [102], k-Shape clustering [103], [104], decision tree [105], [106], associate rule 

mining techniques [107], [108]), machine learning models [109], [110], and statistical methods 

[111]. Figure 8 is an example of daily occupancy presence probability in a three-bedroom 

apartment derived using a data-driven approach. The figure is drawn using the occupancy 

presence/absence data monitored (at one-minute resolution) using passive infra-red (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 high-performance mixed-use building for one year, and the data collected 

from one of the apartments was used for illustration. The data-driven framework for deriving 

deterministic-based occupant schedules using the data collected from several apartments of the 

same building considered in this study is explained in detail [104]. The readers can refer to the 

following papers [104] 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 variations in the occupancy with 

respect to time of the day, day of the week, seasons are missed out. Therefore, though a 

deterministic-based occupancy schedule is a simple and basic solution for defining occupancy in 

UBEM, stochastic approaches are suggested in the literature to incorporate the occupants' dynamic 

nature [85], [112].  
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Figure 8. Variation in daily occupant schedule observed in an apartment. 

Researchers investigated the relation between electric energy consumption and occupant presence 

using big data analysis [113][114]. However, few studies have been implemented to recognize the 

occupant-related 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 

energy use in the residential buildings [115]. Annex 79 is investigating to model occupancy (e.g., 

presence and activities) using data-driven models [116]. Bianchi et al. [117] proposed a novel 

methodology to model parametric occupancy-related schedules using real 15-min resolution 

electric metered data in the diverse building stock. Replacing fixed schedules with data-driven 

occupancy schedules for urban building energy simulation may impact occupant-related 

applications' annual energy demand. Besides, it might affect predicting the peak power, leading to 

different supply systems sizing [48]. 

Data mining and machine learning help step forward to the model development after data 

preprocessing in data-driven modeling procedures. The commonly used ML techniques in OB 

pattern recognition and prediction are clustering, decision tree, association rule mining, and 

Bayesian network [45]. 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 simulation [45]. In 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 works [13]. Huchuk 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 accuracy level 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 them [41]. Currently, there are 

few studies of occupancy data-driven models that are used for UBEM. Happle et al. [48] proposed 

a data-driven occupancy model to generate the urban building occupant presence model based on 

Location-Based Services (LBS) using the CEA tool for energy simulation. They concluded that 

the occupancy profiles are sensitive parameters in urban building energy 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 Rakha [87] 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 resolution [85]. Generating occupancy profiles using stochastic models 

increases the reliability of building energy simulation [13]. Developing the stochastic occupancy 

models is mostly based on the Markov Chain processes, built upon TUS or sensor-based data 

[119]. Page et al. [91] simulated the occupantôs presence and absence of a single office based on 

time-inhomogeneous Markov chain considering occasional periods of prolonged absence. They 

used the weekly presence probability statistics to simulate the occupant presence and absence 

event.  

Furthermore, probabilistic models are used to develop stochastic occupancy models in which the 

state of the OB follows a specific probability distribution [45]. Wang et al. [120] proposed a simple 

mathematical formula to represent the OBôs stochastic characteristics to the environmental 

conditions. Cecconi et al. [121] proposed an automated and tested probabilistic occupancy model 

to reduce epistemic and stochastic uncertainties using a multi-layered supervised feedforward 
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Artificial neural network (ANN). Virote and Neves-Silva [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 the occupant'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 approach. This study 

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 building level. Several UBEM models considered 

the stochasticity of the occupant-related behavior using the stochastic occupancy models in 

connection with their platforms. In TEASER tool, Schiefelbein et al. [81] generated the annual 

occupancy, appliance, and lighting profiles using the Richardson lighting use model [125] to 

simulate district buildings' thermal demand. An et al. [85] 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 overestimated energy use and cooling loads. He et al. [112] 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 the profiles generated using the stochastic occupancy model and 

the standard heating hours. 

2.4.4. Agent-based modeling 

The agent-based modeling (ABM) considers the aggregated actions through occupants' 

interactions and relationships [126]. 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 energy-related behavior, and adaptability in terms of thermal comfort [96]. 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 multi-occupant single-zone scenario and multi-occupant multi-zone scenario.  

Liao and Barooah [128] used the agent-based approach to model a real-time estimation of 
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occupants' numbers in a commercial building. They used Monte Carlo simulation to extract a 

reduced-order statistical model from the ABM. In their review, Li et al. [45] reported that 

developing ABM models require detailed insights on the agentôs specific behavior and sequences 

of different behavior. Also, ABM requires high computational time, which challenges its 

application in large-scale simulations. Though ABM can model the 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 multiple zones in the built environment, other modeling approaches are often 

preferred in previous research.  

2.5. Occupant-related inputs 

The main occupant-related 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 energy-related 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 platforms. Since the 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 considering window operation as an urban building 

energy simulation input in the UBEM platforms. 

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 thermal model. The 

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

they considered appliance usage, lighting, shading to calculate urban buildingsô dynamic demand. 

In another GIS-based UBEM platform, Nageler et al. [129] 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 et al. [85] 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 probability functions 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 buildingsô energy flow and interaction of the buildings on the urban scale 

[67].  

2.5.1. Occupancy  

Kjærgaard et al. [130] categorized the occupancy into occupancy detection and occupancy 

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 occupancy is occupant activity level, which is 

useful to estimate the internal gains due to occupants in buildings. Quan et al. [37] reported 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 buildings) in the urban context. Happle et al. [5] 

stated that interactions between occupants with multiple buildings in the city/district are often 

sidelined in UBEM. For demonstration, the authors [5] gave 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 occupancy at the urban scale is the lack of occupant-related 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 buildings, then the 

interactions of individual occupants with multiple buildings might get diminished in the urban 

context.  

Some studies estimated the occupantsô presence based on operational control, such as the 

occupants' interaction with thermostats [109], lighting and shading systems [131]. The occupantsô 

arrival and departure and the absence duration could influence the building energy consumption 

[132]. Energy use during an occupantôs absence has a considerable impact on energy-saving 

potential [133]. Data-driven based approach is a promising method to extract the occupancy 

schedules and predict the number of occupants [134]. Panchabikesan et al. [104] developed a data-

driven framework to extract the occupant activity and presence schedule from several apartments 

using shape-based clustering and change-point detection techniques. DôOca and Hong [135] used 

data mining techniques (k-means clustering and decision tree) to extract the occupant schedules 

from 16 office buildings. It is suggested that the extracted occupant schedules should be 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 energy-related inputs 

In most UBEM models, the occupantôs presence was considered to calculate the associated internal 

heat gain. As mentioned earlier in this section, plug load, lighting load, setpoint schedules, and 

DHW usage are the other occupant-related inputs that need to be defined while performing the 

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

as they are highly correlated [134].  

2.5.2.1. Plug load schedules 

Plug load schedules are related to the electrical equipment usage behavior of the occupants. In 

general, the plug loadô schedule highly depends on the occupancy schedule. In residential 

buildings, these two possess a strong correlation with each other [101]. 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 high-performance mixed-use 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 apartments. On the 

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 to assume a distinct/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 profiles for different building functions would misrepresent the actual 

energy demand and peak loads [40]. Carlucci et al. [99] reported that most of the studies in the 

literature had used data-driven models to extract the appliance use schedules and related occupant 

activities. Clustering algorithm coupling with event detection algorithms has also been established 

to describe the state of the appliance use [136]. Nevertheless, the appliance use patterns could be 

stochastically described using data-driven techniques. Only a few stochastic models predict the 

appliance use patterns in specific buildings, not in a mixed-used 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 

occupantsô activities and interaction with the appliances [138]. Richardson et al. [139] presented a 

high-resolution time-correlated 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 occupants has been considered to determine the probability of appliance switching on at 

each step. 

 

Figure 9. Variation in daily plug load schedule (starting from Monday) with respect to occupant activities 

2.5.2.2. Lighting schedules 

Lighting schedules are 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 real-time lighting use could optimize the buildings' energy efficiency [140]. Buildings' 

occupants meet their need for visual comfort by interacting with the lighting system. Therefore, a 

correlation between lighting energy use and occupantsô indoor activities must be considered to 

model the lighting use schedules. As an example, the lighting load variation with respect to 

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 Lightswitch-2002 to model the lighting energy consumption. The annual 

occupancy schedules and illuminance use patterns are the input of the Lightswitch-2002 model. 

Another approach to model the occupant action related to lighting system use is implementing 

probabilistic modeling and different machine learning algorithms such as Support Vector Machine 

(SVM) and k-nearest neighbors (k-NN) [99]. A high-resolution domestic lighting demand model 

was proposed by Richardson et al. [142] that considers the natural lighting coupled with occupantsô 

activities. They generated the residential buildings' lighting electricity demand profiles using a 

time-series active occupancy schedule.  

 

Figure 10. Variation in lighting load schedule concerning occupant activities in residential buildings (apartments) 
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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 space-heating/cooling operation is influenced by several drivers, 

including environmental factors, building system, and occupant-related factors [143]. The NECB's 

assumptions associated with the living spaces' heating and cooling setpoints are 21°C and 25°C, 

respectively [98]. Generally, widening the setpoint temperature could conserve the energy 

demand, especially during the night and when the building is unoccupied [20]. Besides, 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. Since the occupants occasionally adjust the setpoint 

temperature schedules, applying default profiles in building energy demand simulation leads to a 

gap between simulated and actual energy consumption [99].  

Chuck et al. [144] reported that variation in input related to a setpoint temperature of even 0.5  

in building energy simulations could impact the heating and cooling demand predictions up to 

10%. The setpoints temperature schedules could be extracted from building management systems 

data [145] and thermostat data [146]. A logistic regression model can approximate the frequency 

of thermostat interactions while the indoor temperature is considered the predictor variable [147]. 

Fabi et al. [148] proposed a probabilistic model to simulate the occupantsô interaction with building 

controls using the measurement of thermostat radiator valvesô setpoint. In another study, Peng et 

al. [149] applied a neural network algorithm to learn the time-dependent 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 dynamic temperature 

setpoints leads to an energy-saving between 4% to 25% compared to the fixed schedules at the low 

values of the preferred temperature range. Ren et al. [150] 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 space heating system'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 time-series 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 standards. For the analysis, 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 setpoint preferences.  

2.5.2.4. Domestic hot water usage 

Domestic hot water (DHW) usage is another significant driver in different building types energy 

consumption. Extracting the detailed DHW schedules allows assessing the building systemsô 

energy efficiency reliably and optimizing the control operating systems. The influential parameters 

on water consumption include climatic conditions, seasonality, socio-economic factors, and the 

building use type [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 DHW profiles, including 

stochastic models [151], forecasting the DHW consumption of individual residential houses using 

estimated exponential smoothing, autoregressive integrated moving average (ARIMA), and 

seasonal decomposition models [152], machine learning-based models such as ANN [153], 

statistical approaches, and long-term filed recording DHW consumption data. Since the DHW 

patterns are geographically dependent, the local measurement must tune the DHW models [154].  

2.5. Implementation of OB in UBEM 

2.5.1. Some occupant-centric 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 issues [155]. 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 

questionnaire as a simple method considering the daily pattern of presence and activities [156]. 

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 2019 [157]. ATUS is a robust public dataset containing the details on the amount of time 

people spend doing lifeôs activities, including housework, working, and leisure activities [157]. 

This dataset was widely used to identify the occupancy schedules [158], [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 self-reported heating and cooling setpoints [20]. The SHEU result does not differentiate 

the cooling setpoints for homes with and without air-conditioning and dwelling ownership status. 

Although SHEU surveyed the temperature setpoints in several thousand households across 

Canada, the simulation result is limited for OB modeling and energy management purposes due to 

not providing high-resolution data.  

In recent years, urban occupant-centric data sets are being collected through several heterogeneous 

sources such as sensor-based and IoT data, mobility, city image-based data, building energy, and 

occupancy data. Sensor-based technologies are another available 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 orientation [99]. The 

sensor-based data enables the energy modelers to effectively improve the active occupancy 

schedules to obtain the occupant's stochastic nature [161]. Regarding the sensor-based dataset 

available for modeling the occupancy at the urban scale, ecobee's óDonate Your Data (DYD)ô 

program [162] is a potential data source to understand occupantôs preference on thermostat setpoint 

settings and to derive occupant schedules in residential buildings. The data is collected from 

different countries; however, most of the data is collected from residential buildings located in 

North America [109]. The thermostats have PIR motion detection sensors which could be used for 

occupancy modeling. Huchuk et al. [118] evaluated various machine learning models to predict  

occupancy motion state using ecobee's Donate Your Data dataset collected by modern connected 

thermostats in residential buildings. They 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 high-resolution data of approximately 1,000 homes in Texas, 

Colorado, California, and New York in the US [163], [164]. The dataset consists of electricity in 

1-second, 1-minute, and 15-minutes 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 open-source dataset collected to represent the energy-related data from 1,636 non-

residential buildings at an hourly frequency for two years across North America and Europe [166]. 

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 Meggers [53] 

presented a framework to characterize the model-based and pattern-based 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 

performance [49]. 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 using Wi-Fi infrastructure to extract the occupancy 

profiles. The real-time data extracted from LBS such as Google Maps and Facebookôs could be 

used to determine the number of occupants in a specific building in the structure of typical 24-hour 

profiles of each day of the week [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 al. [48] 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 data collection 

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 difference [168]. 

The novel image-based technology is another source that provides the positioning and orientation 

information for the occupants in real-time. Digital image processing and three-dimensional 

reconstruction have been developed to detect the human pose that is not uniformly distributed in 

the buildings [169]. Meng et al. [170] developed a real-time estimation method to detect the 

number of indoor occupants to control the HVAC system by integrating image information. In 

another study, Petersen et al. [171] proposed an image-based method to detect the occupants 

anonymously by the ceiling-mounted 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 occupancy counting in office buildings with deep learning algorithms. Also, they 

evaluated the performance of the method on the occupant-centric control strategies to the HVAC 

system. Although most of the studies which used image-based data are in the building scale, this 

occupant-centric 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 

essential [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 demand [173]. CityBES served 

urban data model to store data from various sources and provides the input parameters of 

the modeling, simulation, and visualization [69]. In this platform, CityGML as an XML -based 

open data model is exploited to provide a standardized geometry model and exchange the data 

between the building energy model and other urban analysis platforms. The Energy Application 

Domain Extension (ADE) extends the CityGML standard by energy-related features required to 

simulate a stand-alone building's energy or city scale. TEASER utilized CityGML EnergyADE to 

export the enriched urban building information [23]. As one of the modules of the EnergyADE of 

CityGML, the OB module enables the building OB model [173]. The OB module consists of the 

classes representing the occupancy and occupant-related parameters required for an energy 

simulation. The operating schedules such as heating, cooling, and ventilation schedules could 

specify the indoor climate condition. The occupant-related classes are associated with the building 

unit and the usage and thermal zone classes (building-related objects) in the upper level. Figure 11 

shows the occupant behavior UML diagram that could connect to UBEM models providing the 

occupant-related inputs. 
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Figure 11. Occupant behavior UML diagram 

2.5.3. Level of details and co-simulation required to represent OB in UBEM 

This section discusses the challenges, the level of detail, and co-simulation required to represent 

occupant-related input parameters in UBEM. Although several UBEM occupant input parameters 

were considered, there are still discussions on how detailed the input 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 UBEMs, the occupancy and OB models defined at the building 

scale are generalized as the urban scale's occupancy model [49]. Literature indicated that 

developing occupancy models that dynamically simulate the occupant schedules could provide 

relatively accurate simulation results and pave the way to identify energy-efficient 

strategies. Nevertheless, Romero [40] reported that although the stochastic-based model proposed 

by Page et al. [91] can represent the occupantôs temporal variation, stochastic schedules on average 

will converge towards similar schedules used in the deterministic model. This is because of 

consideration of the occupant schedules from the deterministic approach for generating the 

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 

schedules) are good enough to assess the buildingôs energy demand on a yearly or sub-yearly scale. 

The effect of accounting for the temporal variations of the occupant is less when assessing the 

building's yearly demand, especially in space-heating-dominated countries [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 uncertainty in the simulation results shall be 

reduced [34], [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 stochastic occupancy modeling approach. Further, it 

is observed that the urban-scale stochastic occupancy models are used for specific use-types (80% 

and 20% for residential and office buildings, respectively), not for a mixed-use district. One reason 

for this could be that 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 types [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 lack of publicly 

available occupant-related data for different building types [48]. 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 methods for the simulation engines. The representation and implementation 

approach of the OB models to the energy simulation engine includes direct input, built-in OB 

models, user function or custom code, and co-simulation, which should be properly integrated with 

building performance simulation programs [44]. The definition of co-simulation, examples for co-

simulation in BPS, workflow for co-simulation approach, and implementation of OB models in 

BPS are reviewed in detail in [44]. 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 co-simulation to generate the occupancy and occupant-related schedules. The co-

simulation approach allows the occupant-related schedules to be simulated by different simulation 

tools integrating with the BPS program [175]. For example, Hong et al. [176] developed an OB 
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functional mockup unit (obFMU) to simulate the OB. In another study, Hong et al. [177] developed 

an occupant behavior XML (obXML) schema to implement the drivers, needs, actions, and 

systems (DNAS) [178] 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 et al. [179] proposed an 

approach to analyze and visualize the OB in the office buildings using the obFMU through co-

simulation with EnergyPlus. Another example of co-simulation is the 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 gains [56]. Occupancy chains and household 

membersô activities are generated using survival analysis. The epistemic and aleatory uncertainties 

of the district energy simulations regarding non-deterministic OB have been addressed in the 

StROBe model [56].   

2.6. Conclusion and Discussions 

The present study aimed at investigating the research works to extract the occupant-centric 

parameters for UBEM. Initially, an overview of UBEM is presented, and later, the focus is shifted 

towards summarizing the different occupancy modeling approaches, addressing their advantages 

and disadvantages, highlighting the correlation between occupancy and their energy use behaviors. 

The importance of occupant centric UBEM is emphasized. Further, some potential urban datasets 

that can be used to develop detailed occupancy models are suggested. A brief discussion on 

occupant behavior UML diagram represents how to implement different occupant-related inputs 

in the UBEM is made. Finally, a discussion is made on the level of details and co-simulation 

required to represent OB models in UBEM.  

OB modeling is a multi-faceted 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 occupant-related inputs is side-lined 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 measured 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 energy-efficient strategies, probabilistic occupancy models 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 emphasizes 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 

presence schedule (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 deterministic modeling approach is 

sufficient to estimate the buildings' energy demand on a sub-yearly 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 and demand response 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 scale and 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 occupancy 

models or developing hybrid occupancy models by making a trade-off between the model 

complexity, accuracy, and data requirements. The other understanding from the literature is that 

the lack of sufficient occupant-related datasets is the major hurdle in developing 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 generic data-driven model that systematically 

extracts the dynamic occupancy schedules from the collected 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 stochastic-based occupancy models. 
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Chapter 3: Structuring heterogeneous urban data: a framework to 

develop the data model for energy simulation of cities2 
 

3.1. Overview 

Globally, there is accelerating 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 process of engineering 

modeling and predicting changes that could occur. Identifying the data sources related to urban 

objects and their associated characteristics is essential. While some schemas are developed to 

collect, consolidate, and organize the required data, such as CityGML, to describe urban geometry 

semantically, they lack the capability to include different use cases and objectives to adequately 

parametrize simulation models. There is a lack of a well-structured framework for data modeling 

to efficiently organize the dispersed data needed 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 context. The paperôs main contribution is presenting a novel 

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 real-time capturing, storing, and 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 

emissions [180]. Therefore, many cities are planning decarbonization strategies and enhancing 

sustainability and resilience to achieve net-zero emissions. To reduce urban CO2 emissions, an 

urban modeling platform could help to simulate the status quo of the carbon balance of all major 

sectors. To support strategic planning and decision-making, digital twins of cities are gaining 

importance, and integrating with urban modeling can help design and 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 design [73], 

 
2 S. Dabirian et al., ñEnergy & Buildings Structuring heterogeneous urban data: A framework to develop the data 

model for energy simulation of cities,ò Energy Build., vol. 296, no. July, p. 113376, 2023, doi: 

10.1016/j.enbuild.2023.113376. 
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exploring energy efficiency, to retrofitting solutions [182], and assessing their impacts on energy 

consumption at the urban scale. To reduce urban CO2 emissions, all major sectors of CO2 

generation (e.g., buildings, transportation, waste, industry) should be included in an 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, lack of co-simulation support [15], and 

inflexibility of the models and input parameters [183]. 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 often a cumbersome task. In addition, best data modeling practices have not 

been utilized to standardize and facilitate the implementation of energy-related simulations [184].  

Urban building energy modeling platforms usually use various mechanisms to organize and 

harmonize heterogeneous urban data sources used as simulation inputs. For example, CityBES, a 

physics-based dynamic simulation tool, uses CityGML to represent the urban building stock 

geometry [185]. The Energy Application Domain Extension (ADE) concept is used in CityBES to 

exchange energy-related data such as construction and material, schedules, and energy system 

information. To simulate the building energy in CityBES, OpenStudio with an object-oriented 

structure helps to create models based 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 building information is limited to the 

ASHRAE fixed values. Another urban building energy modeling (UBEM) tool, TEASER, 

integrates the archetypes based on the German building stock [23]. TEASER provides an interface 

for multiple data sources, enrichment, and export of ready-to-run Modelica simulation models 

[23][186].  

To enable complex simulations within a platform, encapsulating and connecting different 

workflows and models and facilitating the modelsô interconnections are essential [181]. The 

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 make it a complicated problem. Therefore, 

providing standardized program-independent data models will facilitate data exchange and reuse 

between models. A standardized workflow is required to organize, map, and integrate data to 

generate a city-scale dataset for urban 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 context [173]. 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 discusses data modeling 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 context. The 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 building energy 

simulation domain. Also, the integration and workability of some of the developed data models 

connecting to the Tools4Cities [187] 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 urban energy 

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 platforms, (5) Provide 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 detail). [188]. 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 properties [189]. As an example, the geometry and height of a building can be estimated 

using LIDAR (Light Detection and Ranging) measurements [63]. Real-time data from smart 

meters installed in buildings can be used to model urban energy usage patterns accurately [11]. 
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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 such as energy balance 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 city (Figure 12) [187]. In other words, urban energy modeling platforms 

can focus on different aspects of urban modeling.   

 

Figure 12. Urban energy modeling platform 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), non-geometric features (e.g., construction year, typology, and the number of floors), 

construction material (thermal properties), climate data, usage schedules, energy system 

characteristics, and energy use [15].  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, starting from a simple database or 

standardized structure and reaching central data models [190]. Figure 13 presents the approaches 

utilized in previous research to organize the required parameters for urban energy modeling 

platforms. The urban data is used to model the city entities (e.g., buildings, infrastructures, roads, 

transport-related objects, vegetation, water bodies, and waste) and their interdependencies to 

inform different stakeholders for decision-making. A data model is a formalized structure to organize 

the data, show the whole system or parts of it, and standardize the relationship between all pieces of data 
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in the system. The 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 

separated from the data itself and it says nothing about where these are physically stored.  

 

Figure 13. Potential approaches of data organization for urban energy modeling 

In the context of urban energy simulation, data models can provide detailed information with high 

quality as well as flexibility in selecting the data sources (e.g., geo-based data sources, building 

characteristics) with the possibility of comparing various energy-related input parameters such as 

construction material, energy systems, electrical appliances, and user behavior [4]. From 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 platform uses a simple database mainly focused on GIS-based information 

in the building energy simulation scope. In such platforms, the other parameters, including 

building envelope layering, energy systems information, and occupant-related schedules, are 

simply assigned to the building 3D model with the average values and standards as for building 

schedules [191]. 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 modeling [192]. GIS tools such as QGIS [193] are used to 

create digital maps displaying energy-related data, such as building energy use, solar and wind 

potential. According to Amirth et al. [194], 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 energy-related data to the simulation tools. CityGML is an 

international standard data model adopted by the Open Geospatial Consortium (OGC) [195]. CityGML 

represents the 3D city objects such as buildings and their semantics [196]. Since CityGML does 

not directly support the energy-related aspects of the city, in 2013, an international consortium of 

urban energy modelers and GeoInformatic researchers provided a standard-based data model 

called the Energy Application Domain Extensions (Energy ADE) of CityGML [173] [197] [198]. In 

addition to the geometry aspect, new classes and attributes pertaining 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, Food-Water-

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 standards 

[199]. GML is a subset of XML that encodes spatial and non-spatial 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 purposes [195].  
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Figure 14. Connection of ADEs to CityGML and creating XML schema to provide required data for urban modeling purposes [195]  

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 

quality data on building physics, materials, construction, energy systems, and occupant behavior 

[200]. The Energy ADE facilitates the interoperability between energy-related applications and 

uses for a bottom-up building energy assessment. Also, the Energy ADE manages the energy-

related data for building energy demand simulation purposes. Several urban modeling platforms, 

such as CityBES [185], CitySim [201], or SimStadt [202][203], have exploited Energy ADE for 

data organization. For example, CityBES [185] 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 important aspects such as 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 amount of storage 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 is cumbersome and 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 up-to-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 structure in the format of 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 example, International Energy Agencyôs Energy in Buildings and 

Communities Programme (IEA EBC), Annex 60, developed next-generation energy simulation 

tools at both building and community scales [204]. 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 and updating catalogs is systematically implemented by domain experts. The 

catalogs should be independent and added as plug-ins to 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 archetypes [205]. To simulate buildings 

quickly, the UBEM platforms use archetypes representing the building stock [206]. By providing 

complete descriptions of whole buildings, these reference buildings play an important role in 

developing the UBEM platforms [73][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 as building type, construction year, and other simple attributes [207]. 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 modeling [208].  

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 (IoT) and the collection 

of a large amount of urban data. One pioneer urban energy modeling platform that has exploited 
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the fourth approach is Tools4Cities. 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, energy systems, 

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 date, the CDM has focused on the 

UBEM aspect of urban modeling. As 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 properties, 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 

information 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 imports the 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, four different 

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 data models created 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 supports 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 post-processing the outcome 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 workflows to run 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 a semi-flexible data structure 

that harmonizes the information fluxes to reduce the data preparation efforts for simulation 

purposes. Being semi-flexible 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 semi-rigid 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 tabulated in the catalog. 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 characteristics that could be used within the Tools4Cities platform. The data stored 

in catalogs are case-specific 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 several tools and engines. The CDM 

must retrieve the data from any sources shown in Figure 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 well-described 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 iterations to connect 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 or more different 

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 properties of behavior (such as occupant-related 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, and after running, the result is returned to the platformôs hub. Noticeably, input data must 

be sent in the proprietary formats understood by that model (in this example, thermal demand 

simulation modeling with EnergyPlus). The platform provides factories that can easily export data 

to the format required.  

 

Figure 15. The general concept of the CDM of the urban modeling tool (D1 to Dn refers to the data sources, and T1 to Tm relates 

to the tools) 

3.5. Data model creation 

Figure 16 illustrates 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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Figure 16. 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 example, the primary purpose of the 

occupancy scheduling data model is to provide the required data for occupant-related modeling 

(e.g., plug load schedules) integrated with the building energy simulation model. The fundamental 

entities (classes and their attributes) are identified based on the project specifications or standards. 

Thus, a conceptual data model, a high-level visualization of the analytics processes that a model 

could support, has been constructed. Relevant data sources such as a website, application 

programming interface (API), files, IoT 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 classes from Ecore class diagrams, 

or combining these methods [209]. Data models can be described as an XML schema, an Entity-

Relationship diagram, or a database schema [181].  

Catalogs are implemented in the Eclipse Ecore tool [209]. Ecore is a meta-model within the Eclipse 

modeling framework in which Unified modeling language (UML) class diagrams are created by 

graphically developing the classes and their attributes. UML class diagrams are the mainstay of 

object-oriented analysis and design that show the classes of the system, their interrelationships 

(including inheritance, aggregation, and association), and the operations and attributes of the 

classes [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 modelôs objects.  

Ecore generates a code for the CRUD API and a user interface (UI) 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 management systems [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 source. It is possible to retrieve existing records or resources using 

the Read operation. To retrieve data, a request is typically sent to the API 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 object-oriented programming [211] to implement 

the data model. They are templates that 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 the models in the 

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 

included in the city class are the information required by any model in the platform which deals 

with cities, either as inputs or outputs. The attributes of a city can include a cityôs name, longitude 

and latitude, climate, and country code because many models need to know 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, which is divided based on different parts 

of the model. For example, the Geometry Importer can import geometrical data from Geographical 

Markup Language (GML), Standard Triangle Language (STL), Object (OBJ), and Geo JavaScript 

Object Notation (GeoJason) formats 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 persistence module maps the objects 

parameters and stores them permanently in a database. Currently, the persistence module has 

implementation for performing CRUD (create, read, delete and update) 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 the classes 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 structure of the data model, it 

is necessary to understand 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 meaning. Each class contains parts called attributes that can also be an object of 

another class, in which case they can be decomposed into attributes and behaviors. Figure 17 shows 

an example of a class and its attributes. ThermalZone refers to the name of the class, which has 

attributes such as floorArea, volume, and infiltrationRate.  

 

Figure 17. 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 classes need to be connected. 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. 
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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 zero to several numbers of usage zones 

(Figure 18). The indicator [0..*] refers to multiplicities of associations labeled on either end of the 

arrow. Referring to Figure 18, thermal zones are composed of zero to several usage zones. Two 

ends of the arrow indicate the association type.  

 

Figure 18. An example of the association between two classes 

In another type of association, inheritance, one class can inherit the functionality of another class 

(superclass) and then add new functionality of its own. Whenever 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 sub-classes 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 unique Importer is created 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 the CDM. 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 can retrieve 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 set. Figure 19 presents the structure of Tools4Cities and its hub, 

including the CDM, importers, and exporters. 

 

Figure 19. 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.   

1. Occupancy scheduling catalog 

2. Construction and material catalog 

3. Greenery system catalog 

4. Building retrofit enrichment catalog 

5. 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 

occupant-related parameters and information [190]. 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 
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energy simulation models. Feng et al. [161] proposed an occupancy module to include 

representative occupancy models; the function mock-up interface (FMI) standard is used to 

support the data exchange and integration of the simulation programs. In addition, the entities and 

arrays that have been developed can only support fixed schedules. Two main issues will be raised: 

first, the need to recreate the XML file for each use case, and second, the high difference between 

simulated and actual data.  

Therefore, a data model is required to store and organize the occupant-related 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 addresses the above-mentioned 

limitations and supports the occupancy modeling on building and urban scale. By defining the 

Schedule class in four levels of detail of the occupancy schedules, occupancy scheduling data 

model provides the occupant-related schedules for energy simulation purposes. The occupant-

related schedules include occupancy presence and count, appliance and lighting usage, HVAC, 

and domestic hot water usage profiles. The mentioned schedules are required to calculate the 

internal heat gain and, subsequently, buildings' energy demand. Following object-oriented 

modeling, the occupancy scheduling data model integrates occupant-related information into the 

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

non-residential 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 modules (Figure 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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Figure 20. 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 to define regions 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 the corresponding 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 four sub-classes: HVAC, lighting, 

electrical appliances, and domestic hot water. Facility class allows considering the heat dissipation 
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caused by hot water production, electrical appliances, and lighting [212].
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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 subdivide into different units. 

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 a single 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 

occupants 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' relationship with Household 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 types (e.g., main resident, secondary resident, vacant).   

Facility class represents the occupant-related 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 for the Facility class, including HVAC, 

electrical appliances, lighting, and DHW. In addition, four different types of schedules are defined 

to provide the required occupant-related schedules based on the data availability and LoD. As can 

be seen in Figure 10, the schedule sub-classes can provide either a single average value of each 

schedule or, in the more advanced modeling, the time-series schedules assigned to the model.  

Occupant-related 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 simulated using fixed standardized or data-driven 

schedules, Usage Import Factory imports them from the Catalog. Otherwise, if the occupant-

related schedules are generated by a co-simulation model (e.g., stochastic occupancy schedules 

model), Customized Import Factory is used to assign them to the simulation model. Notably, the 

co-simulation result, in time-series format, could be stored in a TimeSeriesSchedule object and fed 

into the simulation model.  
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Figure 21. 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 LoD by defining the Schedule 

classes.   

3.6.2. Construction and material catalog 

This catalog enables us to 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 catalog is developed to provide the construction layers of different 

building surfaces and their physical properties required for BES in UBEM platforms. This data 

model allows specifying the thermal transmittance (U-Value) and optical 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 the material could be different 

according to the construction year of the buildings. The Construction/Material catalog allows 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 provide the construction 

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

layerôs characteristics is gathered in the Material class and then added to the Construction class. 

Besides, the Layer class identifies the thickness, 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 end, it extracts the 

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 this data model will be a robust catalog for 

construction, materials, and window types which can be connected to other data models. The 

classification gives the flexibility to assign a specific type of categorization for various windows 

and construction in this Catalog. Furthermore, this data model can be expanded and used in any 
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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 Catalog in each climate zone.  

 

Figure 22. UML diagram of the Construction/material data model 

3.6.3. Greenery system catalog  

An urban simulation platform requires a rich open-source 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 the building 

envelopes' green surfaces (green façade, green roof). This data model can be used to facilitate the 

storage and organization of data to analyze and optimize green infrastructure. At this 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 

classes such as green roof /façade, rooftop farming, and the categorized plant and soil types.  

  

Figure 23. UML diagram of Greenery System data model 

The Greenery System Catalog comprises the Vegetation Category, Plant Category, and Soil. 

Vegetation Category refers to the types of greenery systems such as green roof/façade, 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, and intensive. Regarding the green façade, the air gap defines whether the greenery 

system is a green façade and has an air gap. 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. Back to the top of 

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 object associated 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.  

  

Figure 24. The editor preview of the Greenery System Catalog 

Figure 24 illustrates the Catalog editor preview, which shows the user interface created to enter the object 

properties into the related attributes. The 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 decision-making process due to the excessive number of stakeholders involved [213]. 

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 sub-problem is the lack of understanding of the surrounding properties of the 

building class in the platform simulation. With no consideration of the socio-economic features of 

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

will negatively affect the acceptance rate for building retrofits. The second sub-problem 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 additional datasets to be added to the building 

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

or façade refurbishment. 

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

platformôs CDM. It shows the relationships between the original class and the added UML classes. 

Figure 25 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 surrounding environment 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 and automatically 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 model have been investigated in Statistics Canada [44].  
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Figure 25. 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, Total value 

property, Neighborhood ID (will be assigned), Available incentives, Electricity tariffs, and Gas 

tariffs. The class provides sub-parameters to consider while targeting buildings for receiving 

upgrades or being most suitable for upgrading. Additional data is needed 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 permits, 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 neighborhood-scale 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 energy management 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 energy usage 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 section 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 and attributes, 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 system. Figure 26 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 diagram also depicts a one-to-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 that 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 one-battery storage systems. In other words, a home could have a battery storage system 
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or none. The Battery Storage System, if present, will receive its energy source from a PV System.  

 

Figure 26. 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 Vehicle, when present, 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. Hence the many-to-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 and the 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 collect, preprocess, and 

store the building geometry from CityGML of Montreal, Canada. The above-mentioned catalogs 

can provide the main parameters of the building energy simulation: construction layering and 

occupant-related schedules. As mentioned in section 5.1, the occupancy scheduling catalog was 

developed to give the occupant-related input parameters for the building energy simulation at the 

urban scale. For this purpose, ASHRAE standardized occupant-related schedules were assigned to 

each archetype. Also, as described 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 Ecore meta-model to store the 

metadata and the values calculated or extracted from various sources and standards.  
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Figure 27. Illustration 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 attributes. The 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 assigned to the 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, construction year, and 

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 case, NREL 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, data availability, and required level of detail, the occupant-related 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 called using the Importer 

Factory from the related classes in the Occupancy Scheduling data model. For instance, to assess 

the buildingôs yearly demand, the simple deterministic occupant-related schedules (LoD-1, Daily 
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Schedules) are suitable enough to provide an accurate result. In the dynamic building energy 

simulation case, hourly schedules (LoD-3, Timeseries Schedules) are required to support the 

variability of the occupant-related profiles.  

In the case of the input parameters generated by a co-simulation (e.g., stochastic modeling of the 

occupant-related schedules), a Customized Importer Factory has been developed to import the 

output of the co-simulation and assign it to the simulation model. Another 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 and cooling demands) and the electricity demand.  

3.8. Conclusion and discussions 

Consolidating heterogeneous urban data sources is crucial to making more realistic models for 

CO2 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 information within each domain. Besides, 

developing a standardized data structure needs significant effort, and there are no easy-to-use tools 

to support and check the quality of 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. This study proposes 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 to organize 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 paper illustrates 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 data in different 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 domain-specific 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, that describes the data formally. 

Besides, it enables the user to create catalog editors (CRUD UIs) 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 simulation 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 catalog creation that should be addressed is the application of standard terminology to facilitate 

data interoperability between the sources and data models.  

The CDM's open-source 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 supports strategic decision-making. However, 

the need to create importers ad-hoc 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 modeling of different 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 

to achieve citiesô ambitious climate goals.  
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Chapter 4: Stochastic-based occupant-centric building archetype 

modelling using plug loads3 

4.1. Overview 

Occupant-related parameters significantly impact the urban building energy simulation 

uncertainty. In most existing urban-scale building energy models, fixed default occupant-related 

schedules are typically used, which might not necessarily capture the variation associated 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, occupant-related schedules should reflect the variability and diversity of the 

occupant behaviour. This paper proposes a framework to extract representative occupant-related 

profiles from time-series data and model their performance using Markov Chain-Monte Carlo 

method considering the stochastic 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 1990 [2]. 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 

on the urban scale. UBEM uncertainty is significantly influenced by occupant-related parameters 

such as presence and their interaction with energy systems [100][4]. In most existing urban-scale 

building energy models, fixed default occupant-related 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 schedules, 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 occupant-related schedules that 

take into account the variability and diversity of occupant behaviour in order to produce a more 

robust output from building energy simulation. 

 
3  S. Dabirian, N. Rahimi, and U. Eicker, ñStochastic-based Occupant-Centric Building Archetype Modelling Using 

Plug Load," Proceedings of the 18th IBPSA Conference Shanghai, China, pp. 298ï305, 2023. 
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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 programs [215][29][83][216]. Archetypes are the simplified 

definition of building characteristics, including geometry, energy systems, and occupant-related 

parameters. The archetype-based approach is classified into deterministic and stochastic [217].   

In archetyping, occupant-related 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 occupant-centric archetypes can better simulate district demand by 

incorporating the variability and stochasticity of their schedules. A more realistic district load 

curve can be obtained if stochastic occupant-related profiles are correctly modeled. Previous 

research on stochastic occupant-related schedules can only be used in building energy simulation 

of specific buildings, such as office and residential, but not for all building types in mixed-use 

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 framework to extract the representative occupant-related profiles from 

time-series data for mixed-use neighborhoods and model their performance considering the 

stochastic nature of occupant behavior. Also, it could be demonstrated how the stochastic-based 

occupant-related archetypes improve the urban building energy modeling workflow to predict 

demand. Using time-series data as the basis of the model makes it possible to achieve a more 

accurate representation of the energy demand. This dynamic model could provide relatively 

accurate simulation results and pave the way to identify appropriate energy management strategies.  

Besides, applying stochastic-based 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 occupant-centric archetypes and energy 

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

establish an informed basis for energy-efficient strategies and demand-side energy management. 
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4.3. Background 

4.3.1. Occupant-related data-driven modelling 

The data-driven modeling analyzes the data to extract useful information and patterns using data 

mining techniques, machine learning models, and statistical methods [218]. Occupant-related data-

driven models are developed using robust data collected from buildings from different sources. 

The occupant-related patterns could be used to calculate the internal gains and probability of the 

occupancy presence in the buildings. Several data-driven occupancy models have been proposed 

to simulate the building performance at the building scale  [13]. 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 

location-based data such as Google Maps or Facebook. Several research works investigated the 

electrical meter data to extract energy use patterns [53]. However, few studies have used time-

series electricity consumption data to extract occupant-related 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 time-series data facilitates extracting valuable information from a massive and complex 

dataset when using supervised classification proves to be computationally difficult [221]. K-means 

clustering is the most common unsupervised distance-based algorithm in data-driven modeling of 

occupancy and archetype [222]. In the K-means 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, Davies-Bouldin, Dunn, and Silhouette are used [223].  

4.3.3. Stochastic modelling in UBEM 

Stochastic occupant-related schedules provide a more accurate representation of occupant 

behavior variability within a building or district [40]. The majority of stochastic occupancy models 

are based on statistical methods (probabilistic/stochastic) such as Markov Chain processes [224]. 

However, in some studies Monte Carlo [83], [45], and Markov chain Monte Carlo (MCMC) 

method [224] have been used. [83] 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 rate. [81], 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 district buildings selected randomly, while the probability of the current 

state only depends on the previous state.   

4.4. Methodology 

The methodology steps are shown in Figure 28. It elucidates the step-by-step extraction of the 

representative patterns of the occupant-related schedules (e.g., plug loads) from electricity 

consumption profiles. The process allows the users to input various time-series data and obtain 

representative profiles for building performance simulations. Data-driven 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 climate zones. 

 

Figure 28. Methodology overview 

In data-driven modeling, data preprocessing is the fundamental step to understanding and cleaning 

the dataset. The raw data collected from different sources may contain inconsistencies, errors, and 

noises. Thus, data pre-processing 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; and 6) partitioning the data into 

different groups.  
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To extract the patterns and representative profiles k-means clustering is utilized. The 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 occupant-related characteristics 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 development. The transition 

matrix (TM) of the plug load schedules is described as below in which Ŀ Ŀ Ŀ, xiī3, xiī2, xiī1are 

the Markov chain states. 

(1) 

P(xi| Ŀ Ŀ Ŀ , xiī3, xiī2, xiī1) = P(xi|xiī1) 

ὖ
ὧέόὲὸ ὭὮ

В ὧέόὲὸ ὭὮ

0ρȟρ Ễ 0ρȟË
ể Ệ ể
0Ëȟρ Ễ 0ËȟË

 

Where k is the number of clusters, and the TM size 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 time. Firstly, different PDs are tested on the hourly 

data (e.g., all the records of 8:00 AM) to find the appropriate distribution that fits the data (Figure 

35). In order to determine how well sample data, fit the PD, various goodness-of-fit tests and 

metrics such as Kolmogorov-Smirnov, Akaike information criterion (AIC), and Bayesian 

information criterion (BIC) are employed. The 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 pseudo-random 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 related PD considering 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, the procedure 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 R-squared from equations (2) and (3) are used as sensitivity analysis methods. To implement 

the sensitivity analysis, the generated stochastic-based plug load profiles for five selective 

consecutive weekdays has been considered.  

(2) ὙὓὛὉ
В

 

(3) Ὑ ρ  
В

В
 

The RMSE indicates how accurately the generated stochastic-based plug load profiles represented 

the actual plug load data. Ὑ  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 data-driven occupant-centric model, an open data source, Building Data Genome 

Project 2 (BDGP2) (Miller 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 

campuses, 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 and sub-primary 

use types. The existing data has been cleaned, and the measurement 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 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 plug loads. 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 to provide heating and cooling, respectively; thus, electricity mainly 

represents plug loads. Also, the SEPU is in the range of the ASHRAE receptacle power density 

(e.g., for office buildings, 10 W/m2). The buildings selected have a SEPU between 0 to 20 W/m2. 

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 impact of the gross 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 occupancy 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 step is weekday/weekend daily 

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

types. 
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Figure 29. 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 climate zones in 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.  

Table 2. Calculated features of considered buildings 

Building ID  Floor Area 

(m2) 

Annual Energy 

Consumption (kWh/m2) 

Electricity Usage 

Average (kWh/m2) 

SEPU (W/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 Data pre-processing section, 

the daily profiles of the buildings in Table 1 were visualized in Figure 29. The graphs contain all 

of the daily profiles, including those for weekdays and weekends. Figure 29 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 climate zone. 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 daily time-series weekday and weekend profiles of all office buildings in climate zone 5A are 

merged in a data frame. K-means clustering, as the most common unsupervised distance-based 

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

To implement k-means clustering, the optimal number of clusters (k) as the main hyperparameter 

is defined based on the Silhouette score method. Figure 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 determine the 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 assigned cluster. After preparing the 

data frame, post-processing is implemented to visualize the clusters and centroids.  
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Figure 30. Silhouette score analysis of weekday plug load profiles of case study 

Figure 31 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 curves indicate the clustersô centroids. Color-coded clusters can be seen in the 

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

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

better group the profiles. 

 

Figure 31. Clustering of weekday plug load profiles of all case study's buildings 
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Figure 32. Clustering of weekend plug load profiles of all case study's buildings 

Figure 33 and Figure 34 show the distribution of the weekend and weekday plug load profiles in 

each cluster. According to Figure 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 (SD) of 4. Figure 

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 that the samples of the cluster are similar 

to their peers within the same cluster.   

 

Figure 33. Distribution of weekend plug load profiles in each cluster in different buildings 
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Figure 34. Distribution of weekday plug load profiles in each cluster in different buildings 

In the next step, the 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 weekday profiles were utilized. As the 

considered k for the weekdayôs clustering is 5, a 5*5 matrix is calculated as follows.  

ὖ

πȢχχρπȢρτςπȢρσυπȢπςρπȢπυω
πȢππψπȢχψωπȢππρπȢρωςπȢπρ
πȢρτρπȢππςπȢψτω π πȢππχ
πȢππτπȢσπυ π πȢφχτπȢπρχ
πȢρωφπȢπςςπȢπςςπȢρτυπȢφρφ

 

In this study, electricity usage profiles of several buildings (with similar types) were analyzed, and 

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 method maintains 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 

ever-changing occupant-related schedules and match them to govern building systems to actual 

human patterns. As a result of the proposed model, medium and long-term 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 

values. Figure 35 presents a try of testing different PDs on one hour plug load data to find the best-

fitted PD. To determine the best-fitted PD, different goodness of fit tests was conducted in addition 

to visualizing the PDs on the histogram.  

 

Figure 35. Testing different PDFs on one hour plug load data to find the best-fitted PDF. The y axis is the probabilities and x axis 
are for the load quantities. 

 

In this study, Kolmogorov-Smirnov (P-value), Anderson-Darling, AIC, and BIC tests were used 

to determine the best-fitted PD for each hour. Figure 36 illustrates the best-fitted PDs on the hourly 

plug load profiles of the weekdays in case study' buildings in 8 AM. Choosing the best-fitted 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 characteristics.  
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Figure 36. The best-fitted 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 

pseudo-random package available in Python. The pseudo-random 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 district. Figure 37 shows the stochastic-based 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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Figure 37. Generated five weekday profiles using stochastic model 

The sensitivity analysis illustrates that the RMSE of the generated stochastic-based profiles are 

between 1.15 to 1.45 and the R2 is between 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 of R2 between 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. This indicates 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 there was a wide range 

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 appropriate sub-data 

(e.g., seasonal data) for the Monte Carlo method input from 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 a variety of plug 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 energy consumption 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 occupant-related 

parameters. By assigning fixed and standard occupant-related schedules to UBEMs, a large 

difference is observed between the simulated and measured data. In other words, the high variation 

of the profiles in a similar building type of a climate zone and another climate zone illustrates that 

simplifying the occupant-related profiles in the UBEM reduces the accuracy and reliability of the 

energy demand simulation.   

This study presents a stochastic-based model to provide the occupant-centric 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 BDGP2. Using the 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 generated 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 occupant-related schedules. 

In addition, since the occupant-related data is not widely collected due to 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 loads. In 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 an add-on feature to 

different UBEM platforms to provide the representative occupant-related 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 will be validated with different 

buildings occupant-related data and use cases. 
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Chapter 5: Gaussian-based electricity usage profile prediction in non-

residential buildings archetype 4
 

5.1. Overview 

This paper presents an innovative approach to addressing the prevalent challenge of simulation 

uncertainty in urban building energy modeling (UBEM), focusing on accurately determining 

occupant-related input parameters. Traditional UBEM methods typically rely on standard 

schedules to create archetype models, 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 climate zones. 

This framework integrates k-means 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 the electricity 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 varies among different clusters and time periods, with specific clusters 

displaying more significant predictive inaccuracies at particular times. These results emphasize 

the importance of fine-tuning models and offer opportunities for improvement in predicting urban 

building energy consumption. This can be achieved by incorporating sensor-derived data to 

develop more detailed building profiles that include variable electricity usage patterns. This 

methodology has been integrated into a UBEM tool, enabling the generation 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 consumption [1]. 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 

ęC or more [2]. In an urban 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 levels [4]. To make 

demand-side 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, construction materials, weather 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 simulation [96]. 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 level [222][224][30]. A UBEM model 

is typically built using archetypes to represent a number of buildings with similar properties [62]. 

Difficulties in gathering urban data (geometric and non-geometric data), lack of updating the 

building physics information, lack of sub-metering (e.g., measuring plug load, lighting), and 

privacy policies make the archetype development complex. The current archetypes are typically 

defined using averaging techniques that consider the buildings' geometries, energy systems, 

construction, and standardized/deterministic occupant-related schedules [64]. 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 capabilities [225]. Also, considering a limited number of building archetypes can only 

partially illustrate the complexity of the urban building stock [4]. 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 parameters [226]. 

Among the UBEM inputs, OB has a significant role in building energy use through their presence 

and interaction with the building energy systems [227][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 high levels of detail is necessary to support building operations and energy system 

sizing. However, previous research works have typically used uniform occupant-related schedules, 

which correspond to national averages, despite evidence that occupant-related schedules vary 
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widely between buildings [78][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 

zones could 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 time [229]. 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 occupant-related 

factors and building-scale energy consumption, this research concentrates explicitly on the 

developed stochastic models integrated into UBEM. Error! Not a valid bookmark self -

reference.Table 3 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 apply Markov chain 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 outputs such as energy flow, usage schedules, and 

occupancy profiles, primarily for residential buildings, with a few studies targeting office 

environments. High-resolution modeling is a common theme, reflecting the need for detailed 

insights into dynamic energy consumption patterns. Chen et al. [229] proposed a stochastic model 

to simulate the occupancy-driven energy use integrated with a bottom-up residential building stock 

model. The stochastic models of the UBEMs have been mainly developed using Markov Chain 

processes based on time-use survey (TUS) data or surveys [16]. 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 occupant-related schedules could overestimate energy use and 

cooling loads.  

Table 3. Stochastic occupancy models of the UBEMs 

Study Application Input Technique Model resolution Output Building 

type 

Yamaguchi 

et al., [71]  

 

Calculation of occupant 

schedule 

Occupant 

attributes, number 

of occupants in 

each attribute 

Markov chain Each occupant the sum of the 

total energy flow 

in each building 

Office  
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Robinson et 

al., [66] 

Probability and 

consequence of interaction  

Occupant-related 

data from survey 

Markov chain quarter-hourly  Office 

Schiefelbei

n et al., 

[230] 

Calculation of internal heat 

gains 

TUS First order 

Markovï

Chain  

ten-minute 

interval 

Annual 

occupancy, 

appliance and 

lighting profile 

Residential 

Bollinger & 

Evins, [76] 

 

linkage of models 

representing different 

aspects of energy hub 

design and control 

UK TUS non-

homogeneous 

Markov 

chains 

one-minute 

interval 

Generating 

residential 

occupancy and 

electricity use 

profile 

Residential 

Baetens & 

Saelens, 

[56] 

modeling of receptacle 

loads, internal heat gains, 

thermostat settings and hot 

water 

decennial Belgian 

Time-Use Survey 

and Household 

Budget Survey 

heterogeneou

s discrete-

time Markov 

chain 

ten-minute 

interval 

Uncertainty for 

district energy 

simulations 

Residential  

Sokol et al. 

[83] 

defining archetypes in 

UBEM 

Cooling set point, 

lighting, 

occupancy  

Monte Carlo 

Simulation 

- Measured energy 

data for a subset 

of buildings  

Residential 

An et al., 

[85] 

Simulating cooling loads Survey data  Monte Carlo 

Simulation 

Five-minutes 

interval 

District cooling 

load 

Residential 

Wang et al., 

[70] 

development of sustainable 

energy transformation 

strategies 

census data Monte Carlo 

Simulation 

Hourly Hourly energy 

demand profile 

Residential 

Buttitta and 

Finn [231] 

Generating high-temporal 

resolution heating load 

profile 

TUS Ten-minute 

interval 

Hourly heating 

demand profile 

 Residential 

Chen et al. 

[229]  

 

Simulating occupant and 

household event schedules 

TUS Hourly  Residential 

archetype 

enriched by 

stochastic 

occupancy 

simulator 

Provide 

household 

occupant-related 

schedules 

Residential 

 

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 bottom-up electricity consumption model has been proposed in another study to 

estimate the electricity consumption and standard deviation of detached houses in Sweden using 

probability distributions [232]. Motlagh et al. [233] proposed the clustering technique to analyze 
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the time-series electricity use profiles to extract the demand patterns and peak demand. They 

mentioned that the load clustering method can cluster non-residential 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 than the data itself. Kristensen 

[225] proposed a method to develop stochastic-based building archetypes to simulate the building 

energy dynamically. However, the occupant-related parameters were considered fixed, and the 

impact of the occupants has been leveled out. Sokol et al. [83] presented 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 building stocks. However, previous studies show that although simple 

data-driven models may be sufficient for predicting demand, stochastic models are required to 

capture the time dynamics [234]. These enriched archetypes with stochastic occupant-related 

profiles can provide more accurate energy predictions. Buttitta et al. [64] developed a data-driven 

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 performance [235]. 

Among the probabilistic modeling approaches, the Gaussian model (GM) is a powerful technique 

recently gaining popularity in estimating the uncertainty associated with building energy 

predictions [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 and the underlying 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 the corresponding energy consumption or 

performance of a building. Few occupant-centric 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 time-series datasets to predict more realistic electricity use profiles to address 

the gaps mentioned above. This paper analyzes historical electricity usage data, extracting 

representative profiles and generating corresponding schedules for non-residential buildings while 

considering the stochasticity of occupant-related electricity usage. The generated schedules 

enhance the precision of the building archetypes employed within the UBEM. The archetypes 

augmented by stochastic-based schedules can represent the building's performance more 

realistically. Using historical data will allow calibrating and updating the workflow based on the 

recently measured data.  

A combination of the k-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 that encompasses individual buildings, 

archetypes, and entire districts for a more comprehensive understanding of energy usage and 

efficiency.  

5.3. Data support and case studies 

The Building Data Genome Project 2 (BDGP2) [237] is an open-source dataset that represents the 

energy-related data from 1,636 non-residential buildings across North America and Europe on an 

hourly basis for two years. BDGP2 is used to develop the data-driven occupant-centric model. 

Data was collected from 3053 energy meters (electricity, chilled water, hot water, gas, water) 

located at 19 different sites (1,636 non-residential buildings) in Europe and North America. Almost 

all the data comes from institutional campuses covering various building types, such as offices, 

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 sub-primary 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.  

BDGP2 has been used in a few studies to predict the energy consumption of buildings. Roth et al. 

[49] combined data-driven and physics-based simulation methods to estimate synthetic hourly load 

profiles in cities and developed the Sy nCity model using BDGP2. Li et al. [238] investigated the 
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performance of a sequence-to-sequence attention model for predicting short-term multi-step 

building energy using BDGP2. Wang et al. [239] 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 characteristics, allowing 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 

potential 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 climate zones. 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 

occupant-related profiles across different 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. Research methodology 

5.4.1. Framework for the proposed stochastic model 

The methodology employed in this research framework is to generate stochastic-based electricity 

use schedules to replace the fixed and deterministic schedules in the typical archetype modeling 

for UBEM. The methodology steps are shown in Figure 38. It elucidates the step-by-step extraction 

of the representative patterns of the occupant-related schedules (e.g., appliance usage) from 

electricity consumption profiles to generate the stochastic profiles and verify the generated profiles 

with actual data. The process allows the users to input various time-series 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 electrical devices, excluding equipment for electrical heating and cooling. 

The proposed methodology relies on the data-driven Gaussian-based 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) applying k-means clustering to extract the 

representative patterns; 3) developing the stochastic-based model, including fitting the multimodal 

Gaussian distribution on the clustered electricity loads of a particular 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.   

 

Figure 38. 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 dataset [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 

preprocessing 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 buildings (columns); 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 consumption profiles 

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 pattern similarity. Clustering time-series data 

facilitates extracting valuable information from a massive and complex dataset when supervised 

classification proves computationally difficult [221]. It is common for load clustering to be 

preceded by data preparation, compression, eliminating redundant information, and converting 

features into models [233]. K-means clustering is frequently used due to its simplicity [241] to 

identify the dominant electricity consumption patterns,. K-means clustering is the most common 

unsupervised distance-based algorithm in data-driven modeling of occupancy and archetypes 

[222]. Numerous studies have demonstrated the reliability of this clustering method on occupancy 

profiles [242]. In the k-means method, each cluster is represented by the means of each cluster 

called the centroid. The objective function of the k-means algorithm is as follows. In the function, 

x is the data point (hourly electricity use profiles in this study), ὅ is the center of the i-th cluster, 

and n is the number of data points.   

В В ᴁὼ ὅᴁᶰ  (4) 

To initialize the optimal number of clusters, different indices such as Elbow point, Davies-Bouldin 

index (DBI), Dunn, and Silhouette are used [223]. The algorithm aims to minimize the distances 

between each data point and their respective centroids. However, applying K-means clustering on 

the time-series data is challenging because each data point follows an ordered sequence. In this 

study, the daily time-series profiles of all buildings with similar typologies in a particular climate 

zone are separated into two specific data frames: weekdays and weekends. The k-means clustering 

is applied to explore distinct profiles. Given the consolidation of daily electricity 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 profiles from building-1 and 30 profiles from building-5, among other 

possibilities. 

To implement k-means clustering, the optimal number of clusters (k) as the main hyperparameter 

is defined based on combining the Silhouette coefficient score and the DBI [243]. 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 ranges from -1 to +1, 

where a high value indicates that the object is well-matched to 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 similarity being a measure that compares the distance between clusters with the size 

of the clusters themselves.  

Figure 39 presents an example of  the Silhouette score and the DBI for one of the datasets examined 

in the study.  

  

Figure 39. Multiple metrics DBI and Silhouette score to identify the optimal number of clusters 

 

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. Post-processing is implemented after preparing the data frame to visualize the 

clusters and centroids. 

5.4.4. Occupant-related stochastic model 

Stochastic modeling of occupant-related 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. It is essential to mention that this study's 

objective is to demonstrate the stochastic model itself and the application of stochastic-based 

archetypes to archetype modeling. Furthermore, although the model examined profiles, it can be 

applied to other occupant-related 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 uncertainty or 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 consumption patterns, fitting the Gaussian distribution to hourly time-series 

data provides valuable insights into the underlying behavior and statistical properties. To assess 

the suitability of the Gaussian distribution for modeling electricity consumption data, the initial 

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 regularities and follow a normal distribution. 

Although Gaussian functions provide a flexible model for various data, they do not provide the 

best-fit distribution for all clustered hourly electricity loads in this study. When data exhibits 

multiple peaks or modes, a single Gaussian distribution cannot adequately represent the underlying 

patterns, resulting in a poor fit and inaccurate modeling. Therefore, replacing the Gaussian 

distribution with the best-fitted PD on each sub-dataset could improve the accuracy of the 

stochastic model. This limitation is particularly pronounced in fields such as building energy 

modeling, where data frequently displays diverse and non-uniform behaviors. To address this 

limitation, the multimodal Gaussian model has been exploited in this study. GMM enables us to 

model multiple 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 across time [244]. 

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 occupant-related schedules for building performance modeling. Earlier studies 
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have employed the GMM in analyzing electricity consumption data, but their methods and 

utilization of the GMM have varied [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 Gaussian distribution does not fit the hourly 

data. In other words, the data subpopulations have more than one peak. The Gaussian distribution 

hyperparameters are mean (Õ) and standard deviation (ů). The general probability density function 

(PDF) of Gaussian is as follows: 

Ὢὼȟ‘ȟ„
Ѝ
Ὡ   (5)                                                                                                                                              

Where Õ is the mean of the distribution and parameter ů is its standard deviation. A random 

variable following a Gaussian distribution is referred to as normally distributed and is also known 

as a normal deviation. By employing a GM, uncertainties arising from 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 that the 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: 

ὴὼ В “Ὢὼȟ‘ȟ„                                                                                                                                       (3)                 

Where “ is the probability weight of the kth component and  Ὢὼȟ‘ȟ„ is the kth Gaussian 

distribution.            

The stochastic models can be refined and calibrated using actual data, such as IoT 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 predicting future events based on historical data. 

The methodology to apply the Gaussian-based model unfolds over four steps, as demonstrated in 

Figure 40. 
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Figure 40. 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 which each 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 schematically in Figure 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 Scikit-learn library in Python. A multimodal Gaussian distribution is applied to the 

data if a single Gaussian distribution 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 given data [246]. 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 dataset will be ςτ

ὲέȢέὪ ὧὰόίὸὩὶίὲέȢέὪ ὨὭίὸὶὭὦόὸὭέὲί. The procedure 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 higher-resolution 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 ensure that the predicted 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 are profiles 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 values based on the fitted 

Gaussian distributions, the methodology enables the creation of dynamic and representative 

profiles that capture the inherent uncertainty and variability associated with real-world 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 consumption for 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 modeling [247]. 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 profiles provide valuable insights for planning and 

decision-making in the energy sector. It is important to validate and fine-tune 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.  

¶ 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 hour [233].  

¶ Overlay plots are another technique to plot the synthetic and actual load profiles on the 

same graph to visually inspect the overlap and discrepancies. 

¶ In time-series analysis, autocorrelation, cross-correlation, 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 (MAE) [7].  

ὅὠὙὓὛὉ

В

ρzππϷ                                                                                                            (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. CVRMSE is a combination of the 

coefficient of variation and the root mean squared error. Calculating 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 mean of the 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 dataset, ὣ represents the actual value of the target variable for the 

ith data point and ὣ represents the predicted value of the target variable for the ith data point.  

In the MAE equation, n is the number of observations, ώ Is the actual value of an observation, 

ώ 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 actual value (ώ) and 

the predicted value (ώ ). The result is a non-negative 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 of the data, 

ultimately ensuring the reliability and robustness of the model for its intended applications, can be 

analyzed and verified. 

ὓὃὉ В ȿώ ώ ȿ                                                                                                                                                                       (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 experts in OB modeling 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 type. All the profiles are visualized to gain in-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 the dataset since it is not considered an anomaly.  

Data on raw electricity demand are presented in a single-column 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 hour of the day. 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 loads.  In the 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 used plug-in gadgets in 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, electricity 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 example, the RPU of 

the office buildings is 10 W/m2 in ASHRAE Standard 90 [248]. Therefore, the assumed RPU is 

between 0 to 20 W/m2. 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. The box-whisker plots 

represent the degree of variation in each building type and climate zone. Each box represents one 

building's normalized electricity demand W/m2. While 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. 

Figure 41 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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Figure 41. Comparison of the electricity demand of Case 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 inconsistent (Figure 41). 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 may display varying ranges, medians, and 

quartiles. 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 energy-efficient 

designs, optimized HVAC systems, or stringent energy conservation practices. Understanding 

these variances in profiles among office buildings in similar climate zones is crucial 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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Figure 42. Comparison of electricity demand of Case Y's buildings 

Table 2 displays statistical data regarding buildings' energy usage in Cases X and Y across various 

conditions. In climate zone 5A, Case X, buildings consume more energy on weekdays, with an 

average (mean) of 9.78 Wh/m2, compared to 7.74 Wh/m2 on weekends. This pattern is mirrored in 

climate zone 6A, Case Y, where the weekday mean consumption is notably higher at 10.76 Wh/m2, 

decreasing to 8.03 Wh/m2 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 operations, occupancy 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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Table 4. Descriptive statistics of case studies electricity consumption data 

Climate  

zones 

Case  Day 

type 

The measure of central 

tendency 

Measure of variability 

(W/m2)     

Mean Median Mode Standard 

deviation 

Min  Max 

5A Case 

X 

weekday 9.78 8.93 6.15 5.07 1.4 32.22 

Case 

X 

weekend 7.74 6.58 5.96 3.98 0.69 28.79 

6A Case 

Y 

weekday 10.76 10.07 8.44 5.85 0.13 83.7 

Case 

Y 

weekend 8.03 7.09 4.3 4.63 0.14 47.3 

 

The analysis of the descriptive statistics of case studies 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. Therefore, 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 to those buildings that do not fulfill the mentioned 

conditions, a data cleaning process is performed to identify low-quality data, such as missing data 

and failures in the data collection [56]. Data cleaning was carried out using Python and controlled 

by the user. 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 be randomly distributed 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 before preprocessing. 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/m2. 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 daily peak load for the entire building. In 

case one or more 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 consumption dataset 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 the annual electricity consumption. 

Figure 43 illustrates 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 energy consumption 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 influence the electricity demands of office buildings. 

Occupant-related 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 consumption, particularly in lighting, equipment usage, and plug loads.  
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Figure 43. 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 9723 m2, while the electricity 

consumption average does not necessarily correlate with the floor area. 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 energy demands 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 floor area 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 construction features. 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 equipment. 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 proximity/similarity 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 

clusters.   

 

Figure 44. Clustering of Case X's buildings' weekday (left graph) and weekend (right graph) profiles. 

The result of applying k-means clustering to one-year 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 distinct clusters 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 demands, steady 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 section 5.3, 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 business hours due to 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. For example, 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. 

Figure 45 illustrates 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 W/m2, the 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 

suggests 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 variation in the 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 energy-efficient than others. Analyzing and 

comparing the 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 a cluster 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 significance and confidence 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/m2. Clustering can also highlight differences 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 serve as benchmarks for energy efficiency practices.  

Figure 46 illustrates Case X's clustering centroids of weekday and weekend profiles. The centroids 

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 that require 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 reduced 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 line within a cluster 

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 itself. 
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Figure 46. Clustering centroids of weekday (left graph) and weekend (right graph) profiles of case X's buildings. 

Figure 47 indicates the clustering result of Case Y's buildings' weekday and weekend profiles. As 

seen in the left graph (weekdays), the profiles follow similar trends compared to the weekday 

electricity use profiles of the buildings in Case X. However, the profiles across 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. 

 

Figure 47. 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, respectively. Comparing the Case X and Y buildingôs clustering of the weekday 

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. 

 

Figure 48. Number of weekday profiles in each cluster of Case Y's buildings. 

 

Figure 49 ill ustrates 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 per unit area (square meter) 

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

clusters and their prevalence highlight distinct energy usage patterns on non-working days.  

 














































































































































