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Abstract 

Development of energy codes requires an appropriate building stock representation. To this end, 

information available within municipal construction permit records (e.g., dwelling type, floor and 

footprint area, foundation type, number of above-grade storeys, availability of an attached garage, 

and number of bedrooms) represents an untapped opportunity. However, these records are often 

stored in a semi-structured fashion with relevant information scattered within free-form text 

description fields, which necessitates text analytics. This paper introduces a text analytics-based 

method, employing the association rule mining, for information retrieval from permit records to 

support building stock modelling process; and the method is demonstrated with permit records 

from small residential buildings in seven major Canadian cities comprising over 240,000 unique 

entries. The analysis highlights that detached housing is the most common housing type and the 

average dwelling floor area was between 174 and 266 m2. Each permit record is associated with 

existing Canadian housing archetypes. It is found that mid-to-large-size detached archetypes are 

more common than smaller row or semi-detached archetypes. A building performance simulation-

based investigation revealed that assuming an equal weight for each archetype, instead of using 

the distributions identified from the permit records, causes an underestimation of the housing 

stock’s energy use by 36%. 

Keywords: Stock modelling; building codes; archetypes; construction permit data mining. 

1. Introduction 
Building codes are the primary policy instruments for governments to ensure building designs 

safeguard public health, safety, and welfare. Modern building codes aim to achieve a wide range 

of design goals including but not limited to structural integrity, fire prevention and control, 

sanitation, egress and accessibility, and energy efficiency. Among them, energy efficiency has 

become a growing area of interest in many jurisdictions, largely due to environmental, economic, 

and political drivers forcing governments to reduce energy demand and greenhouse gas (GHG) 

emissions from the building stock. For example, in Canada, energy efficiency is addressed in two 

national building codes; the National Energy Code of Canada for Buildings (NECB) which is 

applicable to all buildings [1], and Section 9.36 of the National Building Code (NBC) which is 

applicable to housing and small buildings [2]. Early evidence from jurisdictions adopting energy 

codes has already demonstrated reductions in energy use intensity ranging from 6% to 22% [3-5].  

Energy code development is a complex process involving multiple stakeholders with varying 

interests; and, code changes can have a profound impact on many performance attributes including 

life-cycle costs, energy efficiency, environmental sustainability, affordability, resilience, and 

indoor environmental quality. Therefore, code changes must be informed by compelling evidence 

demonstrating the impact on building performance. Such evidence can be generated through 
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building performance simulation of the building stock. As building codes typically cover new 

construction (not alterations to existing buildings), the stock representation needed for building 

codes analysis is the physical form of new buildings (not existing buildings of older vintages) that 

will likely be constructed, and thus be affected, by an upcoming code change. If simulations are 

not relying on an accurate representation of the building stock, code requirements may direct 

limited resources to suboptimal investments diminishing the true potential of building code-based 

interventions. For example, Abdeen, et al. [6] demonstrated that there were major discrepancies 

between occupant-related assumptions in the Canadian NBC and measured field data, specifically 

regarding thermostat setpoints, hot water use, and lighting and plug loads. Later, they found that 

these discrepancies can lead to different least lifecycle-cost design decisions in different Canadian 

cities [7]. This example underpins the importance of an accurate representation of a building stock 

to ensure that optimal code changes are implemented considering the uniqueness of the housing 

archetypes and their distribution. 

1.1. Literature review 
Swan and Ugursal [8] classify stock modelling approaches into two broad categories: top-down 

and bottom-up approaches.  

Top-down models are mainly econometric models that attempt to explain the influence of 

economic, demographic, and climate-related factors on the total energy use of a city, region, or 

country. For example, Bentzen and Engsted’s model attempts to predict the total energy demand 

of Denmark by using disposable household income, price of energy, and heating degree-days as 

regressors [9]. Other papers employing top-down stock models also looked at the influence of the 

number of households, floor area per household, and appliance ownership and efficiency [10, 11]. 

Top-down stock models also used autoregressive features to identify the delayed impact of factors 

such as an economic downturn or a rise in energy costs (e.g., autoregressive distributed lag models 

[10, 12]). Forecasting the overall energy demand and identifying the top influencing factors in 

energy use behaviour have been the main application areas for top-down stock models [13].  

Unlike top-down models that attempt to identify the influencing factors on the aggregate energy 

demand from a building stock, bottom-up stock modelling approaches start from the individual 

building-level. Models can be developed using statistical or physics-based approaches.  developed 

a statistical bottom-up stock model for the city of Rotterdam employing multiple linear regression. 

The model inputs energy consumption data available from individual dwellings, geographic 

information system (GIS) data, heating degree-days as well as data such as the number of 

occupants and type of dwelling.  present another statistical bottom-up stock model using multiple 

linear regression. Howard et al.’s model disaggregates zip code-level energy use data in New York 

City as space heating, domestic hot water, space cooling, and non-space cooling applications. The 

model inputs the aggregate natural gas and electricity use consumption data from each of New 

York City’s 191 zip code regions and the composition of the building stock by use function in each 

region (e.g., number of 1-4 family residential, multi-family residential, office, educational 

buildings). Howard et al. simply apportioned the predicted energy use by building function by 

looking at the ratios reported in the Residential Energy Consumption Survey  and the Commercial 

Building Energy Consumption Survey [14]. In addition to traditional statistical bottom-up 

modelling approaches, there are also statistical bottom-up models employing machine learning 

techniques. For example,  employed the k-means clustering algorithm and  employed random 

forests and support vector machines on building-level energy use data from New York City and 

metadata describing the characteristics of each building (e.g., age, function, type). In addition, 



 

 

bottom-up statistical models have been successfully applied to reveal the influence of technology 

interventions. For example, Papineau, et al. [15] demonstrated that while installing split heat 

pumps instead of baseboard heaters could generate significant electricity savings, installing central 

heat pumps did not. This is likely related to occupant behaviour; e.g., taking advantage of the 

ability to create micro-climates in a dwelling with split heat pump systems by applying temperature 

setbacks in unoccupied rooms. While Papineau et al.’s work was able to provide insights into the 

influence of a specific technology thanks to the availability of data from homes with and without 

split/central heat pumps, statistical bottom-up stock models are not typically suitable to study the 

impact disruptive technological changes have on the building stock [16]. Such technoeconomic 

analysis is required by building codes committees to answer questions like: what will happen to 

the energy demand from a building stock should a number of new design and technological 

solutions are applied?  

As highlighted in the examples listed, statistical bottom-up stock models take advantage of the 

availability of building-level energy use and characteristics datasets to reveal factors contributing 

to the energy demand. However, statistical bottom-up models largely suffer from the same 

shortcomings as the top-down models, in terms of the inability to study the impact of disruptive 

technologies and to study what-if scenarios, which are essential for building codes development. 

Simply put, they enable a detailed understanding of the end-use and energy flow patterns within a 

building stock, but not the technoeconomic analysis needed by building codes committees. 

Physics-based bottom-up stock models are comprised of two primary components: (a) archetypical 

building models and (b) statistical distribution of the archetypes [17]. Each archetypical model is 

a representation of a group of other similar buildings in the building stock. For example, Natural 

Resources Canada (NRCan) developed 240 Canadian housing archetypes which were primarily 

built upon the EnerGuide for Housing database (EGHD), a database of over 2,000,000 detailed 

audit reports captured by professionals in various voluntary government programs [18, 19]. Prior 

to the development of NRCan’s 240 archetypes, Swan, et al. [20] created 17,000 housing 

archetypes from an earlier version of the EGHD. Carnieletto, et al. [21] developed 46 archetype 

models to represent the Italian building stock. Of them, 16 were for single-family dwellings, 16 

were for multi-family dwellings, and 14 were for non-residential buildings. They used existing 

energy codes and standards effective in Italy and GIS data to develop these archetype models. 

Archetype identification can be an expert process or can be automated via machine learning 

algorithms. For example, Deng, et al. [22] employed clustering and random forest algorithms to 

consolidate GIS data from over 59,000 buildings into 22 archetypes in Changsha City, China. 

Famuyibo, et al. [23] employed cluster analysis to identify residential archetypes for Ireland. Li, 

et al. [24] developed archetypes by employing cluster analysis on satellite images of Chongqing, 

China. Similarly, Tardioli, et al. [25] employed clustering to consolidate 13,614 mixed-use 

buildings in Geneva, Switzerland into 67 representative buildings. 

Notably, the development of a detailed physics-based archetype model requires a high-fidelity 

expert-curated database. EGHD is one such example for Canada, containing the findings of 

detailed energy audits conducted by trained experts who complete a standardized report template 

and populate an energy model. While it is reasonable to assume that EGHD captures an example 

of each unique housing type, given its voluntary basis it is unlikely that the frequency of the 

archetypes in the EGHD matches reality. As indicated by Asaee, et al. [26], Swan, et al. [20] tried 

to rectify this limitation by using an independent database: Statistics Canada’s Survey of 

Household Energy Use (SHEU) database. While SHEU does not contain the same level of detail 



 

 

as EGHD, Swan, et al. associated them in an attempt to ensure that archetypes developed upon 

EGHD are a statistically correct representation of the Canadian housing stock. Notably, this is not 

a problem for many of the European countries thanks to their dedicated data collection campaigns 

for stock modelling (e.g., ODYSSEE-MURE [27], TABULA as used in [28], Irish Building EPC 

as used in [29]). However, associating information available from disparate data sources (e.g., a 

detailed but statistically unverified and potentially biased data source like EGHD in Canada and a 

dataset with an insufficient level of detail of energy-related attributes while offering a statistically 

correct representation of the stock like SHEU in Canada) remains a necessity for stock modelling 

in many other jurisdictions. 

1.2. Motivation and objectives 
Municipal open data initiatives making building construction permit records public are becoming 

popular. These records represent an untapped opportunity to improve our ability to develop reliable 

building stock models and support the simulation-based code development process. Building 

permits provide records for the entire population of new construction buildings within a 

jurisdiction. The details captured in building permit records can provide insights into new 

construction trends, enable assignment of realistic frequency/weighting factors for each building 

archetype, and improve the accuracy of stock models in predicting the influence of future code 

changes.  

Despite the potential, municipal permit records are a semi-structured data source. Information 

relevant to associate a permit entry to a specific building archetype is often scattered within free-

form text description fields, necessitating the use of text mining techniques. The association rule 

mining (ARM) is a promising text mining technique for the discovery of frequent word use patterns 

in large datasets. In building engineering, it has been successfully used for text mining building 

operator [30, 31] and central heating and cooling plant [32] work order logs, and occupant 

complaints [33]. However, it has not been used in pattern discovery in municipal construction 

permit records. This paper conducts text analytics, specifically the ARM, on building construction 

permit records from seven Canadian municipalities: Halifax, Nova Scotia; Montreal, Quebec; 

Ottawa and Toronto, Ontario; Edmonton and Calgary, Alberta; and Vancouver, British Columbia. 

The outcome of the text analytics phase is then used to associate permit records with one of the 

existing Canadian residential archetype models [34] and conduct a simulation-based investigation. 

The objectives of this paper include identifying: (1) the statistical likelihood of finding each 

building archetype in the housing stock; (2) changes in the new construction trends over time; and 

(3) the impact of misrepresentation of the distribution of archetypes in model predictions in 

different Canadian municipalities. While the results presented are for Canadian cities only, the 

methodology can be applied in other jurisdictions to update building stock representations based 

on municipal construction permit records.  

The scope of analysis is kept limited to new construction permits for small residential buildings, 

which are covered under Canadian NBC Section 9.36 [2] – specifically, single-family dwellings 

or small buildings with less than 600 m2 and three storeys. NBC versions, which are typically 

issued in five-year intervals, are only applicable to new construction (not alterations to existing 

buildings). Thus, the scope of this analysis was kept primarily on recent new construction permits 

issued in the past five years. In every code cycle, energy simulations for building codes analysis 

are conducted to evaluate the impact of proposed code changes on the performance of buildings 

that will likely be constructed in the next five years. These energy simulations rely on archetype 



 

 

models derived primarily upon EGHD [34], representing common building forms, size, layout, 

use, and type. 

2. Methodology 
Figure 1 presents an overview of the methodology. First, structured permit entries are created from 

raw municipal permit records through text mining. These permit entries are then associated with a 

building archetype through a distance-based matching process, enabling an estimate for the 

frequency/weight of each archetype in the building stock. Building performance simulation is then 

used with the stock representation to analyze the impact of proposed code changes (e.g., increased 

airtightness, insulation requirements). 

The methodology section provides an overview of building permit datasets from seven Canadian 

municipalities and the text analytics techniques employed to identify key physical attributes from 

these permit records. Subsequently, the NBC residential archetypes for these seven municipalities 

are presented. The simulated energy use of these archetypes is also presented at two prescriptive 

code compliance levels, representing two tiers for building envelope performance. Lastly, the 

process to associate/match each municipal permit record to an existing NBC archetype is 

presented.  

 
Figure 1: An overview of the methodology. 

2.1. Characteristics of municipal permit datasets 
Canadian municipalities have made their building permit records publicly available as part of the 

Open Government initiative of the Government of Canada. This study makes use of building 

permit records from seven Canadian municipalities: Halifax , Montreal , Ottawa , Toronto , 

Edmonton , Calgary , and Vancouver [35]. These cities represent a significant portion of the 

Canadian urban population (with approximately 10 million residents in total) and cover a wide 

range of demographic, socioeconomic, and climatic variations. 

Table 1 presents an overview of the availability of seven physical building attributes from 

municipal building permit records issued for new residential construction. These attributes 

represent high-level architectural characteristics including type (i.e., detached, semi-detached, 

row, duplex, triplex, and apartment), floor area, footprint area, foundation type (e.g., basement, 

crawlspace, slab-on-grade), number of above-grade storeys, number of bedrooms, and availability 

of an attached garage. In this paper, the following housing type definitions are adopted: A detached 



 

 

house is a dwelling unit that is not attached to any other dwelling. A semi-detached house is a 

dwelling unit that shares one common wall with an adjacent dwelling. A row house is a dwelling 

unit that shares two common walls with adjacent dwellings. A duplex house is a building with two 

single-family dwelling units stacked above each other. A triplex house is a building with three 

single-family dwelling units stacked above one another. An apartment building houses more than 

four or more dwelling units. 

Residential new construction permit records used in this paper include only buildings with a floor 

area of 600 m2 or less, and less than three above-grade storeys. Notably, relatively fewer permits 

were issued for the construction of new small residential buildings in older cities like Montreal 

and Toronto. While not included in Table 1, most new dwelling units in Montreal and Toronto 

were created through alterations to existing buildings or new high-rise multi-unit residential 

buildings. In contrast, Edmonton, Ottawa, and Calgary – each of them is a city with a population 

of about 1 million – have the highest number of permits issued for new small residential building 

construction. It is worth noting that not all seven attributes were available across all seven datasets. 

Data did not follow a standard format. For example, the permit dataset of Ottawa contained the 

floor area and dwelling type for each building under two dedicated fields, storey number and 

attached garage availability were captured as free-form text entries under a description field, and 

room number, foundation type, and footprint area were often completely missing. Further, 

Halifax’s permit data collection format was different before and after 2022. However, for each 

permit entry for all seven cities, there were at least three attributes available enabling a systematic 

comparison with the archetypes. 

Table 1: An overview of the municipal building permit records for new residential construction. The checkmark indicates that 

there is a dedicated field in the permit database for the attribute. The description field indicates that the attribute sometimes 

exists as free form text (i.e., manually maintained text entries). Crossmark indicates that the building attribute does not exist in 

the permit database. 

 Halifax Montreal Ottawa Toronto Edmonton Calgary Vancouver 

Residential 

construction 

permits 

808 5650 1587 50355 13762 21064 135905 6184 

Year 2022 2006-2021 2003-2022 2011-2022 2000-2022 2017-2022 1999-2022 2017-2022 

Type ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 

Dwelling 

Count 
✓ ✓ ✓ ✓ ✓ ✓ ✓ Description 

Floor area ✗ ✓ ✗ ✓ ✓ ✓ ✓ ✗ 

Footprint area ✓ ✗ ✗ ✗ ✗ ✗ ✗ ✗ 

Room number Description ✗ ✗ ✗ Description Description ✗ Description 

Foundation Description ✗ Description ✗ Description Description Description Description 

Storey number Description ✓ Description Description Description Description ✗ Description 

Attached 

garage 
Description ✗ Description Description Description Description Description Description 

 

2.2. Text analytics on free-form description fields 
Free-form text entries in description fields contained information about the number of rooms, 

foundation type, number of storeys, and attached garage availability in each building. However, 

this information was often captured in a semi-structured fashion. Automatic extraction of these 

data fields required the use of pattern discovery. To this end, the authors employed the association 

rule mining technique with the apriori algorithm after removing punctuation marks by using the 



 

 

arules package in the programming environment R. In building engineering, association rule 

mining technique has been previously used in a few other studies for identifying patterns in 

operators’ work order log descriptions for buildings [30, 31] and central heating and cooling plants 

[32], and occupant complaints [33]. 

Association rule mining is a commonly used method in text mining to discover interesting 

relationships among the terms in a large dataset. While detailed information on association rule 

mining can be found elsewhere , three parameters used to interpret the results are briefly defined: 

support, confidence, and lift. The support is the fraction of permits in the dataset that contains the 

term sequence defined in a rule – i.e., 𝑝(𝑡𝑒𝑟𝑚 𝐴, 𝑡𝑒𝑟𝑚 𝐵). The confidence is the conditional 

likelihood of observing a term upon observing another term or terms in a permit record – i.e., 

𝑝(𝑡𝑒𝑟𝑚 𝐴|𝑡𝑒𝑟𝑚 𝐵). For example, if 10% of the permits contained the terms attached and garage, 

the support of this association rule is 0.1. And, if 50% of the permits with the term attached also 

contain the term garage, the confidence of this association rule is 0.50. The lift is the ratio of the 

number of the permit entries that the term A and B co-exist to the multiplication of the permits they 

exist individually – i.e., 
𝑝(𝑡𝑒𝑟𝑚 𝐴,𝑡𝑒𝑟𝑚 𝐵)

(𝑝(𝑡𝑒𝑟𝑚 𝐴) 𝑥 𝑝(𝑡𝑒𝑟𝑚 𝐵))
 . Note that if terms A and B are independent, their lift 

will be equal to one – and meaningful rules cannot be derived. For highly dependent word pairs, 

the lift will be significantly larger than one – and rules can be built. While the term sequences both 

with a large support and confidence are preferable, oftentimes sequences with a large support, 

despite being prevalent, end up too short and non-descriptive and those with a large confidence 

end up being descriptive yet infrequent. Hence, it is important to derive association rules by 

varying the support and confidence thresholds, and inspect the characteristics of the top rules 

derived. In this study, we systematically varied the support threshold from 0.01 to 0.3 and the 

confidence threshold from 0.1 to 0.5, and manually inspected the top association rules derived. 

Figure 2 presents an example of these visualizations presenting the relative term frequency and the 

association rules identified from the Toronto permit dataset with a support threshold of 0.2 and a 

confidence threshold of 0.5. Such visualizations were generated for each of the seven permit 

datasets at varying support and confidence thresholds and inspected. Eventually, this analysis 

revealed common term sequences used to explain the room number, foundation type, storey 

number, and attached garage availability in the permit datasets. 

It is important to note that association rule mining process facilitates the pattern discovery process 

in large textual datasets like the municipal permit records used in this study. Because the top rules 

identified exhibit significant variation based on the confidence and support thresholds, it is 

pertinent to repeat the analysis at varying confidence and support threshold levels. Ultimately, 

patterns of interest can present itself only in some of these thresholds. Hence, the top rules 

automatically identified through the association rule mining technique at varying confidence and 

support thresholds need to be manually inspected. Those deemed relevant can then be selected and 

used in searching keyword combinations in future dataset queries.  



 

 

 

 
Figure 2: (left) Wordcloud plot presenting the top words in the Toronto permit dataset’s description field and (right) 

top association rules by support with a support threshold of 0.2 and a confidence threshold of 0.5. The diameter of 

the nodes indicates the support of the word sequences (i.e., frequency) and the opacity of the nodes indicates the 

relative value of the lift of the rule. 

The term sequence enabling the extraction of number of rooms from most permit entries was: 

digits (one to ten) in case insensitive text or numeric form followed by the term bedroom. The 

terms enabling the identification of the foundation type as basement, slab-on-grade, and 

crawlspace were: the term basement without the term no basement or bsmt (for Montreal French 

terms sous and sol), the terms slab and grade, and crawl (for Montreal French terms vide and 

sanitaire), respectively. The terms enabling the identification of the storey number were: digits 

(one to ten) in case insensitive text (for Montreal in French) or numeric form and the term storey 

(for Montreal étage). The term sequences enabling the detection of an attached garage were: 

(attached and garage) or (underground and park) or (stationnement and interior) or (garage and 

interior) or (garage and sous) or (stationnement and sous) or (basement level park). 

2.3. NBC residential archetype models 
An archetype is a common form, size, layout, use, and type of a building in a specific market 

region. Natural Resources Canada (NRCan) developed 240 archetypes for the 2015-2020 building 

codes development cycle largely using data from EnerGuide for Housing Dataset (EGHD) [36]. 

Detailed information about the Canadian housing archetype models can be found in Refs. [26, 36], 

and the source files are available at a public repository maintained by the model developers [37]. 

As explained in the Introduction Section, EnerGuide for Housing is a voluntary labelling program 

sponsored by the Government of Canada. It includes detailed on-site audits. As shown in Table 2, 

more than half of the 240 NBC archetypes were developed for the seven cities considered in this 

analysis. Notably, the archetypes include only detached, semi-detached, and row housing units. 

There were no archetypes for duplex, triplex, and apartment buildings. The number and diversity 

of the archetypes differ across the seven cities. For example, all six archetypes for Halifax were 

detached dwelling units. There were not any semi-detached archetypes for Calgary. It should be 

noted, however, that the 240 archetypes were developed to represent broader geographical areas 

containing several municipalities which the authors of the archetypes referred to as “market 

regions”. Also, their goal was not to accurately capture the distribution of key building attributes 

seen in these markets, but rather cover the extreme ranges of those attributes seen in practice. This 

enabled analysis that could identify the range of performance that may be gained or lost from a 



 

 

code change, and also identify potential building types and typologies that may be more positively 

or negatively impacted by code changes. 

In this study, energy models representing these archetypes were built for two design scenarios. 

The first scenario populates all archetypes as complying with 2020 code-minimum performance 

(Tier 1). The second scenario applies proposed packages of envelope upgrades designed to achieve 

average annual envelope heat loss reductions of 40% compared to Tier 1 which is a compliance 

requirement for Tier 5 performance in the 2020 Canadian NBC. The thermal transmittance of 

walls, windows, and roofs for Tier 1 and 5 packages are shown in Table 3. These two scenarios 

are used to examine how misrepresentation of the archetype frequency/weight in the housing stock 

affects the predicted energy outcomes of a proposed code change. Simply put, if we were to use 

the distribution of the housing archetypes derived from the permit records, instead of the current 

practice of assuming that all NBC archetypes exist in equal numbers in a given city, what would 

be the change in the predicted average impact of the proposed Tier 5 code solution? How sensitive 

are code changes to the distribution of archetypes in the housing stock? 

The energy models for the archetypes were built using the building performance simulation tool 

HOT2000. HOT2000 was first developed in 1980s and its capabilities and accuracy have since 

been improved with many subsequent iterations. It is widely used by practitioners for code 

compliance analysis, to support several residential energy efficiency initiatives in Canada, and to 

determine impact of some proposed changes to the NBC. HOT2000 has been compared with other 

building simulation tools and validated against established test cases [38, 39] as per ASHRAE 

Standard 140 [40]. HOT2000 simulation results presenting the total energy use for these 

archetypes for two design scenarios are shown in Figure 3.  

Table 2: NBC archetypes. Type acronyms D, SD, and R stand for detached, semi-detached, and row housing units, respectively. 

Foundation acronyms B, S, and C stand for basement, slab-on grade, and crawlspace, respectively. Floor area is in m2. 
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1631 D 329 2 3 ✗ B 
1576 D 275 1 2 ✓ B  4004 D 194 2 2 ✗ B  3142 R 204 3 2 ✗ S 
1603 D 145 1 2 ✗ B  4111 R 116 3 2 ✓ S  3144 R 216 3 2 ✓ S 
1607 D 255 3 3 ✗ S  4121 R 116 3 2 ✓ S  3152 R 133 3 2 ✓ S 
1658 D 100 1 2 ✓ C  4176 R 105 3 2 ✓ S  3154 R 204 3 2 ✗ S 

M
o

n
tr

ea
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1312 R 212 2 2 ✓ B  4523 D 299 2 2 ✓ B  3157 R 155 3 2 ✓ S 
1337 R 202 2 2 ✓ B  4540 D 212 2 2 ✓ B  3510 R 121 3 2 ✓ S 
1367 D 234 2 2 ✓ B  6609 D 278 2 2 ✓ B  3529 R 153 3 2 ✓ S 
1433 D 239 2 2 ✓ B  6735 D 255 2 3 ✓ B  3552 R 108 3 2 ✓ S 
2074 D 310 2 3 ✓ B  7027 D 225 2 2 ✗ B  6771 D 230 2 2 ✓ S 
2079 D 198 2 3 ✗ B  7056 D 274 2 2 ✓ B  7064 D 271 2 2 ✓ S 
2122 D 200 2 3 ✗ B  7345 D 265 2 2 ✓ B  7224 R 126 3 3 ✓ S 
2311 D 215 2 2 ✓ B  7418 D 330 2 2 ✓ B  7237 D 364 2 2 ✓ S 
2512 SD 217 2 2 ✗ B  7481 SD 192 2 2 ✓ B  7337 D 232 1 2 ✓ S 
2548 SD 194 2 3 ✗ B  7520 D 263 2 2 ✓ B  7490 D 407 3 2 ✗ B 
2591 D 228 2 2 ✓ B  

T
o

ro
n

to
 

1344 R 180 2 2 ✓ B  7496 D 219 3 2 ✗ B 
2704 R 192 2 2 ✓ B  1407 D 247 2 2 ✓ B  7497 D 219 3 2 ✗ B 
2827 R 190 2 2 ✓ B  1548 R 198 2 3 ✓ B  7529 D 331 2 2 ✗ S 
3137 R 187 2 2 ✓ S  1660 SD 220 2 3 ✓ B  8085 D 259 2 3 ✗ S 
3188 D 264 2 3 ✗ B  2066 R 119 3 2 ✓ S  

V
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n
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1734 D 348 2 9 ✓ B 
3415 D 270 2 3 ✓ B  2183 SD 175 2 2 ✓ B  1885 D 99 1 2 ✗ S 
3822 D 288 2 2 ✓ B  2925 R 135 3 2 ✓ S  1919 D 62 2 3 ✓ S 
6637 SD 227 2 2 ✓ B  3060 SD 155 2 2 ✓ B  4842 SD 94 2 3 ✗ B 
6711 SD 198 2 2 ✗ B  3082 SD 208 2 2 ✓ B  4943 D 98 1 1 ✓ S 
6758 SD 199 2 3 ✗ B  3196 D 291 2 3 ✗ B  4998 D 175 2 3 ✗ C 
6791 SD 203 2 3 ✗ B  3248 D 287 2 3 ✓ B  5099 D 356 2 6 ✗ B 



 

 

6823 D 210 2 2 ✓ B  3286 D 283 2 3 ✓ B  5105 SD 74 2 2 ✗ S 
6857 SD 195 2 2 ✗ B  3850 SD 208 2 2 ✓ B  5107 SD 140 2 3 ✓ C 
6910 SD 224 2 2 ✓ B  3908 SD 181 2 2 ✓ B  5213 D 226 2 5 ✗ B 
7023 SD 193 2 2 ✗ B  3916 R 146 2 2 ✗ B  5856 D 57 1 2 ✗ S 
7032 SD 192 2 2 ✓ B  3967 SD 181 2 2 ✓ B  5947 D 105 2 3 ✓ C 
7073 D 337 2 2 ✓ B  3997 SD 169 2 2 ✓ B  5976 D 252 2 0 ✗ B 
7153 D 265 2 2 ✓ B  4001 SD 161 2 2 ✓ B  5999 SD 104 2 3 ✗ S 
7319 D 260 2 2 ✓ S  4041 D 308 2 3 ✓ B  6078 SD 106 2 3 ✗ C 
7528 D 272 2 2 ✓ B  4043 D 82 1 3 ✓ B  6212 SD 97 2 3 ✗ S 

O
tt
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w

a
 

1210 R 186 2 2 ✗ B  4044 D 82 1 3 ✓ B  7668 D 66 2 2 ✗ S 
1211 R 186 2 2 ✗ B  4386 D 319 1 2 ✗ B  7740 R 111 3 2 ✓ S 
1261 R 193 2 2 ✓ B  6494 D 199 2 2 ✗ B  7747 R 118 3 2 ✓ S 
1541 D 193 2 3 ✗ B  6677 D 208 2 2 ✗ B  7749 R 113 3 2 ✓ S 
1634 D 299 1 3 ✗ S  7134 D 227 2 2 ✓ B  7787 SD 121 2 3 ✗ S 
2133 SD 182 2 2 ✓ B  8076 R 170 2 3 ✗ B  7804 SD 122 2 3 ✗ C 
2213 R 182 2 2 ✗ B  
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1200 D 354 3 2 ✗ B  7856 D 247 2 3 ✗ B 
2638 R 162 2 5 ✗ B  1363 D 273 2 2 ✓ B  7934 SD 149 2 2 ✗ B 
2880 SD 155 2 2 ✓ B  1409 R 205 2 2 ✗ B  7972 R 409 2 3 ✗ B 
2891 D 209 2 2 ✗ B  1470 SD 205 2 2 ✓ B  7973 R 165 2 3 ✗ B 
3049 SD 68 1 2 ✓ B  2185 D 373 2 2 ✓ B          
3389 SD 189 2 3 ✓ B  2272 SD 239 1 2 ✓ B          
3394 D 265 2 3 ✓ B  2721 D 308 2 2 ✓ B          
3618 D 170 2 2 ✓ B  2852 D 271 2 2 ✓ B          
3745 SD 164 2 2 ✗ B  2921 R 132 2 2 ✗ B          

         2996 SD 201 2 2 ✓ B         
 

Table 3: Prescriptive maximum thermal transmittance (W/m2K) and airtightness (ach) requirements for above-grade exterior 

walls, windows, ceilings, and floors for NBC archetypes in different cities at two tiers of code compliance. 

NBC Climate 

Zones 
City 

Tier 1 Envelope Package Tier 5 Envelope Package 

Walls Windows Ceiling Floors 
Airtightness at 

50 Pa 
Walls Windows Ceiling Floors 

Airtightness at 

50 Pa 

Zone 4 (HDD < 

3000) 
Vancouver 0.360 1.84 0.145 0.214 

2.5 ach 

0.222 1.05 0.081 0.189 

1.0 ach 

Zone 5 (3000 < 

HDD < 3999) 
Toronto 0.325 1.84 0.115 0.214 0.196 1.05 0.081 0.189 

Zone 6 (4000 < 

HDD < 4999) 

Halifax 

0.325 1.61 0.115 
0.214 

 

0.196 

 
0.94 

0.081 

 
0.189 Ottawa 

Montreal 

Zone 6 (5000 < 

HDD < 5999) 

Edmonton 
0.325 1.61 0.096 0.199 0.185 0.94 0.081 0.189 

Calgary 

 



 

 

 
Figure 3: Distribution of (a) energy use of archetypes with tier 1 envelope package and (b) savings with an upgrade from a tier 1 

envelope package to a tier 5 envelope package. 

2.4. Association of municipal records to NBC residential archetypes 
The next step in the methodology was to match each permit entry to the closest NBC archetype 

model. A distance metric was used to quantify the dissimilarity between an archetype model and 

a permit entry. The distance metric calculation is summarized in Table 4.  

The distance metric is computed across all seven attributes (i.e., type, floor area, footprint area, 

number of bedrooms, number of storeys, foundation type, and attached garage availability). Note 

that all except the floor area and footprint area are binary or categorical variables. Thus, Hamming 

distance metric is adapted such that a zero distance is assigned for an attribute of an archetype and 

a permit entry if this attribute is a perfect match. For example, if an archetype and a permit entry 

both have the type detached housing, the distance between their type attributes is set to zero. If 

they have different types, the distance between their type attributes is set to one. Distance for the 

attributes floor area and footprint area is computed as the normalized absolute difference between 

an archetype and a permit entry’s corresponding attribute. For example, if the floor areas of an 

archetype and a real home from a permit entry are 300 and 270 m2, respectively, the distance is 
|270−300|

300
= 0.1.  

While there were typically between three and five regularly maintained attributes available for 

each city, all seven attributes were not available in any of the datasets. When data for a given 

attribute is missing from a permit entry, a neutral distance metric of 0.5 is assigned. Simply put, 

for each of the seven attributes, a perfect match receives a distance score of 0, a mismatch receives 

a distance score of 1, and an unknown/inconclusive match receives a distance score of 0.5. 

Notably, the authors assigned a distance score between zero (match) and one (mismatch) when 

required data is missing from a permit entry. This is because we cannot be certain about a match 

or a mismatch, if the necessary attribute is missing from a permit entry. Assigning a zero distance 

for missing data would equate missing data to having a perfect match, and unreasonably decrease 

the distance between a permit entry with missing data fields and the archetypes. Analogously, 



 

 

assigning a distance of one for missing data would equate missing data to having a definitive 

mismatch, and unreasonably increase the distance between a permit entry with missing data fields 

and the archetypes. 

For each permit entry, distances across all seven attributes are summed and the archetype yielding 

the smallest distance score becomes the matching archetype for that permit entry. This analysis 

will provide insights into the relative frequency/weight of each archetype in the housing stock. 

Furthermore, the total distance scores with the best-matched archetypes provide insights into the 

general representativeness of the NBC archetypes for the housing stock. While a distance score 

closer to zero indicates that at least one of the archetypes could perfectly capture the physical 

characteristics of a given permit entry, a distance score closer to seven indicates that none of the 

archetypes could capture its physical characteristics.  

Table 4: Calculation of the distance metric used to associate the permit records to the NBC archetypes. 

for each permit record i 
   for each archetype j 

if type of permit record i == type of archetype j 
   distance(i,j) = 0 
else 

   distance(i,j) = 1 
end if 

if floor_area of permit record i == unknown 
   distance(i,j) = 0.5 + distance(i,j) 
else 

   distance(i,j) = |floor_area of permit record i – floor_area  of archetype j|/floor_area  of 
archetype j + distance(i,j) 
end if 

if footprint_area of permit record i == unknown 
   distance(i,j) = 0.5 + distance(i,j) 
else 

   distance(i,j) = |footprint _area of permit record i – footprint_area  of archetype j|/ 
footprint_area  of archetype j + distance(i,j) 
end if 

if storey_num of permit record i == storey_num of archetype j 
   distance(i,j) = 0 + distance(i,j) 
elseif storey_num of permit record i == unknown 
   distance(i,j) = 0.5 + distance(i,j) 
else 

   distance(i,j) = 1 
end if 

if room_num of permit record i == room_num of archetype j 
   distance(i,j) = 0 + distance(i,j) 
elseif room_num of permit record i == unknown 
   distance(i,j) = 0.5 + distance(i,j) 
else 

   distance(i,j) = 1 
end if 

if foundation_type of permit record i == foundation_type of archetype j 
   distance(i,j) = 0 + distance(i,j) 
elseif foundation_type of permit record i == unknown 
   distance(i,j) = 0.5 + distance(i,j) 
else 

   distance(i,j) = 1 
end if 



 

 

if attached_garage_status of permit record i == attached_garage_status of archetype j 
   distance(i,j) = 0 + distance(i,j) 
elseif attached_garage_status of permit record i == unknown 
   distance(i,j) = 0.5 + distance(i,j) 
else 

   distance(i,j) = 1 
end if 

   end for 

   matched_archetype(i) = find archetype j that minimize distance(i,:) 
end for 

3. Results and discussion 
This section first presents the results of the permit data analysis. Then, the distribution of the NBC 

archetypes in the housing stock and community-scale energy simulation results are presented. 

3.1. Analysis of the permit data 
Figure 4 presents the breakdown of permit records by location and building type for different time 

intervals. The numbers annotated above each building type indicate the number of NBC archetypes 

available for each type in each city. The results shown in the figure indicate that detached-type 

dwellings represent the largest fraction of homes constructed between 2018 and 2022 in all cities 

except Ottawa. In Ottawa, row housing seems to be slightly more common than detached housing. 

While the number of buildings constructed differed significantly between years, detached housing 

remained the most common housing type across all cities except Ottawa. Historical trends indicate 

that the number of permits issued per year has been, in general, increasing for all housing types 

except in Calgary. In Calgary, the new detached dwelling units created have been decreasing, while 

semi-detached and row housing units have gained popularity. It also appears that small apartment 

buildings were popular in Montreal’s new construction market. Duplex units were the second most 

popular dwelling type in Vancouver. Recall that all residential permits considered here were for 

buildings smaller than 600 m2 and less than three storeys. These are permits covered within the 

scope of NBC Subsection 9.36 [2]. 

Figure 4 also illustrates the representativeness of the existing NBC archetypes for the building type 

distributions from the permit records. All five archetypes for Halifax were detached-type 

buildings, which is largely in line with the distribution of the homes built in Halifax since 2008. 

For Montreal, there were 15 detached and ten semi-detached archetypes – and no archetypes for 

small apartment buildings. A comparison with the breakdown of permit records by housing type 

indicates that archetypes for Montreal over-represent semi-detached housing units and under-

represent apartment units. Ottawa had 15 detached, six semi-detached, and nine-row housing 

archetypes. While it may be appropriate to generate more row housing archetypes given their 

popularity in Ottawa, existing archetypes seem to cover all three types common in the city. There 

were 11 detached, nine semi-detached, and six row housing archetypes for Toronto. Contrary to 

this, there were very few semi-detached and row housing units constructed since 2003, indicating 

a possible redundancy for these archetypes. There were five detached, three semi-detached, and 

two row housing archetypes for Edmonton – which largely capture the common housing types 

constructed since 2009. Though, there may be a need for additional detached archetypes given 

their popularity. For Calgary, there were ten detached and nine row housing archetypes. Permit 

data analysis indicates a possible need for semi-detached housing archetypes. Lastly, there were 

12 detached, nine semi-detached, and five row housing archetypes for Vancouver. Permit data 



 

 

analysis highlights that semi-detached and row housing archetypes are likely redundant, and there 

may be a need for new archetypes for apartment and duplex housing units. 

 
Figure 4: Housing types in building permit data records for (a) Halifax, (b) Montreal, (c) Ottawa, (d) Toronto, (e) Edmonton, (f) 

Calgary, and (g) Vancouver. The numbers annotated above each bar plot represent the number of NBC archetypes available for 

the housing type.   

Figure 5 presents the distribution of the footprint or floor area reported in permit records. For 

reference, the figure also presents the distribution of the footprint or floor areas of the archetypes 

for each city in terms of box-whisker plots. Note that footprint or floor area was not available in 

the permit records from Montreal and Vancouver; hence they are not included in the figure. The 



 

 

permit records for Halifax contained the footprint area after 2022 (Figure 5(a)), and before 2022, 

they contained the floor area (Figure 5(b)). The footprint or floor area appears to be a unimodal 

distribution with a longer tail in most cities. Based on permits issued between 2018 and 2022, 

Edmonton has the smallest average floor area (174 m2) followed by Ottawa (193 m2), Calgary (195 

m2), Halifax (266 m2), and Toronto (268 m2). The average and standard deviations for the floor 

areas were consistent over time. While the footprint and floor areas of the archetypes, as shown 

with the blue box-whisker plots, cover the vast majority of the permits issued, a visual inspection 

indicates that the location of the first and third quartiles (the bounds of the boxes) do not 

necessarily match with those of the histograms. The mismatch between the floor area distributions 

of the archetypes and the permit data is most acutely visible for Ottawa and Edmonton.  

Figure 6 presents the breakdown of the dwelling units with and without an attached garage based 

on 2018-2022 permit records. For reference, the availability of an attached garage is also shown 

for the NBC archetypes. This physical attribute affects the thermal performance of the exterior 

surfaces attached to a garage – e.g., the floor above and walls surrounding a garage. The permit 

data analysis indicates that attached garages were not available for most new small residential 

buildings in Montreal, Toronto, and Vancouver. In Ottawa and Edmonton, more than 60% of the 

new dwelling units were designed to have an attached garage. In Halifax and Calgary, the dwelling 

units with and without an attached garage were close in number. The NBC archetypes most 

significantly failed to capture the distribution of attached garage availability in Montreal and 

Toronto. Contrary to the permit records indicating that most new dwelling units do not have an 

attached garage, the majority of archetypes for these two cities have an attached garage. The figure 

also offers insights into the breakdown of attached garage availability across different building 

types. For example, in Calgary, while the majority of the detached units have an attached garage, 

most semi-detached and row housing units do not have one. This characteristic was not captured 

with the archetypes for Calgary – i.e., most detached archetypes do not have an attached garage 

and most row units have one. 

Figure 7 presents the number of above-grade storeys based on 2018-2022 permit records. Again, 

for reference, the same data type for the NBC archetypes is included in the figure. The majority of 

the dwelling units had two above-grade storeys; while not all records indicate the availability of 

basements, it is reasonable to assume that the majority of those with two above-grade storeys also 

had a basement. In line with this, the majority of the NBC archetypes had two above-grade storeys 

except for Halifax. More than 25% of the permit records had three storeys in Halifax, Toronto, and 

Montreal; given that this is the maximum number of storeys allowed under NBC Part 9, these must 

be slab-on-grade dwelling units. Contrary to this observation, none of the archetypes for Montreal 

were three-storeys. The highest percentage share of one-storey buildings was in Halifax, and it 

was only about 15%. Simply put, units with a single above-grade storey were not common in the 

new construction practice in the seven cities studied here.  



 

 

 
Figure 5: Distribution of the building floor or footprint area from building permit records for (a) Halifax in 2022, (b) Halifax 

pre-2022, (c) Ottawa, (d) Toronto, (e) Edmonton, and (f) Calgary. The box-whisker plots represent the floor or footprint area of 

the NBC archetypes. 

 



 

 

 
Figure 6: Availability of an attached garage from building permit records and NBC archetypes in (a) Halifax, (b) Montreal, (c) 

Ottawa, (d) Toronto, (e) Edmonton, (f) Calgary, and (g) Vancouver. 



 

 

 
Figure 7: Number of above-grade storeys from the building permit records and for the NBC archetypes. 

3.2. Distribution of NBC archetypes in the housing stock  
By employing the algorithm described in Table 4, each permit record was matched with one of the 

146 archetypes listed in Table 2. Figure 8 presents the distribution of the archetypes in each of the 

seven cities. While Table 2 presents more detailed information about these archetypes, Figure 8 

also contains visual cues to help interpret the findings. The colour of the bars in greyscale indicates 

the floor area of the archetypes – (lighter colour indicates a smaller floor area). Also, the housing 

type is annotated (D: detached; SD: semi-detached; R: row) above each bar. The results indicate 



 

 

that dwelling units that resemble the archetypes exist in uneven numbers across the housing stock. 

Simply put, some of the archetypes were far more common than others. For example, in Montreal, 

the vast majority of the new construction resembles archetype 2079 – a 198 m2 two-storey three 

bedroom detached dwelling unit with a basement and no attached garage. A number of archetypes 

did not even get a single match from the permit records, specifically, 25 out of 30 in Montreal, 3 

out of 30 in Ottawa, 2 out of 19 in Calgary, and 17 out of 26 in Vancouver. Of the 21 top three 

archetypes for the seven cities, 16 were detached units, four were row units, and one was a semi-

detached unit. Mid-to-large-sized archetypes accounted for the bulk of the housing stock in all 

cities. The floor areas of the most popular three archetypes in Edmonton, Halifax, Toronto, and 

Vancouver were 275, 313, 269, and 268 m2, respectively. These floor areas are 19, 76, 72, and 113 

m2 larger than the average archetype floor areas for these cities. In Calgary, Montreal, and Ottawa, 

the most popular three archetypes were 218, 214, and 168 m2, respectively. These floor areas are 

8, 13, and 35 m2 smaller than the average archetype floor areas for these cities. 

Our earlier discussion points out that some of the existing archetypes may be omitted when 

estimating the average impacts of building code changes. However, it does not conclude if new 

archetypes are necessary. While testing the representativeness of the existing archetypes is outside 

the scope of this paper, the distance metric used in associating the permit records with the 

archetypes may provide insight into this issue. Recall that the distance metric was computed by 

using the algorithm presented in Table 4. Figure 9 presents the distribution of the distance between 

each permit record and its best-matched archetype for each city. In this study, the distance metric 

can only take values between zero and seven, zero being the perfect match and seven being the 

worst possible match between a permit record and an archetype. It was, however, impossible to 

attain a distance of zero because of common imperfections in the permit records (i.e., missing 

attributes). But a relative comparison amongst the seven cities indicates a likely deficiency in the 

archetypes available for Montreal. The average best match distance was 2.8 for Montreal. For the 

other six cities, the average best match distances were between 2.0 and 2.6.  

Figure 10 presents a summary of the key building energy simulation results. Specifically, Figure 

10(a) presents the percent difference in total energy use of the housing stock between two 

scenarios: (a) archetypes exist in equal numbers and (b) archetypes follow the statistical 

distribution shown in Figure 8 in seven different cities. The results indicate that assuming an equal 

weight for each archetype causes an underestimation of the housing stock’s energy use predictions 

by 7, 18, 7, 6, and 36% for Halifax, Toronto, Edmonton, Calgary, and Vancouver, respectively. 

As highlighted earlier, this is primarily an outcome of underrepresentation of smaller row and 

semi-detached housing archetypes in the building stock. The results also indicate that assuming an 

equal weight for each archetype, in lieu of the distributions shown in Figure 8, causes only a small 

overestimation of the housing stock’s energy use for Montreal and Ottawa (by about 3%). 

Figure 10(b) presents the percent difference in predicted energy savings after applying the 

envelope upgrade package described in Table 3 between archetype counts weighted by the permit 

data and by assuming an equal weight for each archetype. The results highlight that assuming an 

equal weight for each archetype causes an underestimation of the energy savings potential of the 

envelope upgrade package by 12, 31, 7, 7, and 58% for Halifax, Toronto, Edmonton, Calgary, and 

Vancouver, respectively. Notably, even though all archetypes are dwellings with identical 

thermophysical and occupancy characteristics, their energy use and savings potential differed 

greatly due to their physical properties such as size, availability of attached heated and unheated 

structures, and foundation type (see Figure 3). Thus, the results highlight the importance of the 



 

 

distribution of housing archetypes not only for the prediction of a building stock’s energy use but 

also for the prediction of savings possible through energy efficiency measures. Given that 

assuming an equal weight for each archetype is the common current approach for building codes 

analysis for the Canadian NBC, the methodology presented in this paper addresses this limitation 

by introducing a text analytics-based approach to retrieve weight factors for housing archetypes 

from municipal permit records. 

 
Figure 8: Distribution of the NBC archetypes in the municipal building permit records. Bars with darker colours are indicative 

of archetypes of larger floor areas. Black is reserved for a floor area of 600 m2 and white is reserved for a floor area of 0 m2. 

The labels annotated above each bar indicate the housing type as follows: D: Detached; SD: Semi-detached; R: Row. 



 

 

 
Figure 9: Distribution of the distance between the NBC archetypes and real-buildings from the municipal permit records. The 

distance metric is computed as explained in Subsection Association of municipal records to NBC residential archetypes. 

 
Figure 10: Percent difference in (a) energy use and (b) tier 1-to-5 envelope package upgrade by assuming a flat and weighted 

distribution of archetypes. Flat distribution means that each archetype exists in equal numbers in a given city and weighted 

distribution means that archetypes follow the distributions shown in Figure 8, which were derived from the permit analysis. 

3.3. Unresolved issues 
While the methodology and results presented are promising for building stock modelling, there are 

a number of unresolved issues which were left for future work: 

 Municipal permit records available through the open data initiatives are amorphous, semi-

structured, and non-standard databases. Each municipality has been following a different 

data input format, making it rather difficult to retrieve information of interest. In this paper, 

the authors employed a text mining approach relying on the discovery of association rules 

from free-form text descriptions. Standardization of permit data records across different 

municipalities would improve the data quality and quantity. Aside from the municipal 



 

 

permit records, it may be logical to coordinate all relevant data collection efforts to develop 

next-generation data-driven tools and methods that inform building code changes. This 

may include adding new or removing redundant data types, and standardization of 

metadata. A few examples of relevant initiatives that need to be coordinated in 

collaboration with the Canadian codes committees and researchers in Canada include 

Natural Resources Canada’s EnerGuide for Housing program, Statistics Canada’s Time 

Use and Household Energy Use Surveys, and municipal permit records. Ideally, such 

efforts can be extended internationally via organizations such as OECD or IEA. 

 In this paper, permit records were matched with existing NBC archetypes. However, the 

findings also revealed a few potential shortcomings of the existing archetypes.  It was found 

that some of the archetypes are likely redundant, as there were very few, if any, permit 

entries that match with them. The study also revealed a need to develop new archetypes, 

particularly for one of the seven cities, Montreal. In light of these findings, future work 

should revisit the existing NBC archetypes and update them based on new construction 

trends. 

 Energy models, following the current NBC guidance, represent appliance, lighting, and 

plug loads in terms of deterministic and steady-periodic assumptions. For example, each 

archetype, irrespective of its size and location, was set to have the same electricity use for 

appliance, lighting, and plug loads – which is 21.4 GJ/year. This assumption, while 

currently used in building code analysis, likely disproportionately affects space 

conditioning loads in different building archetypes. Therefore, future work should also 

develop archetypes of household composition, occupancy, and behaviour, and associate 

them with housing archetypes. 

4. Conclusion 
Municipal residential permit records for small residential buildings in seven major Canadian cities 

comprising over 240,000 unique entries were examined to extract seven physical attributes. These 

attributes were dwelling type (e.g., detached, semi-detached, row), floor and footprint area, 

foundation type (e.g., basement, slab-on-grade, crawlspace), number of storeys, availability of an 

attached garage, and the number of bedrooms. When dedicated fields were not available for these 

data types, free-form text description fields were analyzed by employing the association rule 

mining algorithm to derive custom pattern search rules.  

The analysis highlights that there are notable differences in housing characteristics across these 

cities. For example, row housing is the most common type of new small residential building 

construction practice in Ottawa, whereas, for all other cities, it was detached housing units. 

Average floor areas in different cities range between 174 m2 (Edmonton, Alberta) and 266 m2 

(Halifax, Nova Scotia). While attached garages were not a feature of most new dwelling units in 

Montreal, Toronto, and Vancouver, more than 60% of the new dwelling units were constructed 

with an attached garage in Ottawa and Edmonton. These attributes were compared with NBC 

archetypes. 

Subsequently, each permit record is associated with one of the existing NBC archetypes for these 

seven cities. The analysis revealed that archetypes exist unevenly across the building stock. Mid-

to-large-size detached archetypes were often much more popular than smaller row or semi-

detached archetypes. The building simulation engine HOT2000 was used to estimate the energy 

use of the housing stock first by assuming that the archetypes exist in equal numbers and then by 

using the statistical distribution identified from the building permit records. It was identified that 



 

 

assuming an equal weight for each archetype causes an underestimation of the housing stock’s 

energy use predictions by 7, 18, 7, 6, and 36% and an underestimation of the energy savings 

potential of an envelope upgrade package by 12, 31, 7, 7, and 58% for Halifax, Toronto, Edmonton, 

Calgary, and Vancouver, respectively. It is worth noting that assuming an equal weight for each 

archetype is the current approach for building code analysis in the absence of reliable weight 

factors for each market region. This highlights the significance of the methodology presented in 

this paper which introduces a text analytics-based approach to retrieve weight factors for housing 

archetypes from municipal permit records. In addition, the analysis highlighted the need to revise 

current housing archetypes in light of new data becoming available through various open data 

initiatives. Future research is planned to employ data mining techniques on these datasets to 

explore opportunities to improve existing housing archetypes. 
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