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Abstract

A critical part of Canada’s energy transition planning
involves quantifying diesel and heavy fuel oil consump-
tion for heating buildings in Canada’s remote commu-
nities. With 139 communities in scope and limited data
availability on buildings in remote communities, getting
a defensible number for actual building stock consump-
tion is a challenge. This paper presents a novel pro-
cedure that combines building performance simulation
(BPS) tool outputs, publicly available data sources, and
regression modelling to predict residential and commer-
cial, industrial, and institutional (CII) heating energy.
Comparison of modelled annual energy consumption
with community energy plans underscores the effective-
ness of this procedure for most of Canada’s remote com-
munities but also highlights that outlier communities
(particularly urban communities, exceptionally popu-
lated communities, etc.) fail to be properly captured.

Introduction

In Canada, nearly 200,000 people are living in 276
remote communities across the country (Natural Re-
sources Canada (2018)). Natural Resources Canada
(NRCan) defines a remote community as any commu-
nity “not currently connected to the North American
electrical grid or the piped natural gas network and is
a permanent or long-term (5 years or more) settlement
with at least 10 dwellings” (Natural Resources Canada
(2024c)). As a result of their disconnect from national
energy infrastructure, many remote communities rely
heavily on diesel fuel as their primary energy source.
With looming deadlines for international energy and
emission reduction targets, the government has high-
lighted remote communities as a focus for energy tran-
sition planning. An essential step in this planning pro-
cess involves quantifying current diesel energy usage in
remote communities.

Accessing measured energy usage for buildings is gen-
erally challenging due to privacy concerns. To pro-
tect occupant privacy, utilities often aggregate mea-
sured data from multiple customers in the same rate

class, thereby obfuscating consumption patterns from
individual buildings. These methods are less effec-
tive in remote communities that feature few examples
of each type of building. Additionally, remote com-
munities that rely on heating oil, diesel, or wood fu-
els can have limited infrastructure for metering energy
use. Therefore, high-resolution measured energy use for
buildings in remote communities is restricted to a very
small number of special interest buildings, and even
community-level consumption is either not documented
or unavailable.

In lieu of complete, temporally high-resolution, and
building specific datasets of measured energy consump-
tion, building performance simulation (BPS) tools can
be used to estimate the residential and commercial,
industrial, and institutional (CII) annual heating en-
ergy use of buildings. It’s important to recognize,
though, that reliable and defensible predictions of exist-
ing building energy use from BPS tools require reason-
ably high-resolution building characteristic data, mea-
sured data for calibration, and significant time from a
technical expert. Obtaining the required level of infor-
mation for a single building (let alone an entire commu-
nity of buildings) is a widespread limitation of building
simulation studies. Data-driven modelling techniques
offer an efficient alternative to white-box BPS stud-
ies. However, the success of such models relies heavily
on having sufficient representative training data which
loops back to the issue of acquiring measured data.

Research objective

This paper outlines a practical, regression-based
methodology for obtaining annual heating energy con-
sumption for residential and CII buildings in 139 remote
communities across Canada. The methodology merges
data-driven modelling techniques with BPS modelling
to overcome the weaknesses present in each strategy in-
dividually when it comes to remote communities. The
challenge of limited and potentially biased measured
data is navigated effectively with this procedure, gener-
ating useful predictions that can be used by community
planners, government policymakers, and researchers.
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Figure 1: In-scope remote communities and data avail-
ability. Note that “Tr” = “Training”.

Background information

Communities within scope

NRCan maintains a publicly available dataset of
energy-related parameters for Canada’s remote commu-
nities called the Remote Communities Energy Database
(RCED) (Natural Resources Canada (2018)). As of its
last update in 2018, the RCED included 276 commu-
nities. As the purpose of the project was to quantify
heating energy loads in communities serviced by diesel
and heavy fuel oil generation, remote communities with
a different main power source listed in the RCED (i.e.
provincial/territorial grid, hydro) were eliminated, re-
sulting in 203 communities.

From this list, the project was further scoped to elimi-
nate communities that are classified as commercial sites
(i.e. not permanent settlements), communities that are
on track to be connected to a national transmission
or pipeline network, communities that have renewable
generation projects on the horizon, and communities
that are known to be vacant since the last update to
the RCED. This brought the number of communities
in-scope to 139 (these are shown in Figure 1).

Data availability

As indicated, the methodology described in this article
was conceived out of necessity due to the limited build-
ing data available for remote communities. Figure 1
displays the 139 communities broken up into categories
based on the type of data available. All 139 commu-
nities had census information available which provided
populations and counts on residential building types.

Of the 139 communities, 25 communities had measured
fuel consumption data for their buildings (purple and
blue points in Figure 1). The geographic bias in mea-

sured data is due to the availability of heating fuel infor-
mation from the Petroleum Products Division (PPD) of
the Government of Nunavut; no other jurisdictions had
this data available. The PPD published monthly vol-
umes from April 2017 to March 2018 of P50 fuel deliv-
eries for 25 communities in Nunavut. The monthly con-
sumption values were additionally broken up into end-
use sub-categories that enabled the portion of fuel de-
livered to residential buildings to be divided from that
of CII with moderate reliability. Manual data checking
identified 6 problematic communities with nonsensical
energy use, leaving 19 communities with measured data
that could be used in the regression development pro-
cess. Note that P50 fuel volume is converted to heating
energy assuming an energy density of 36.72GJm−3 as
documented for heating oil in Canada Energy Regula-
tor (2016).

Recognizing that building conditioned floor areas would
be useful but certainly not available for this analy-
sis, OpenStreetMap (OSM - OpenStreetMap Founda-
tion (2023)) was leveraged to obtain building footprints
that could be used in the place of conditioned floor ar-
eas. Not all communities are sufficiently documented
in OSM - only 86 communities had OSM data avail-
able (all points in Figure 1 except for the yellow ones)
and the quality of this data varied from community to
community.

Motivated by the lack of relevant building informa-
tion available and the need for a time-conscious proce-
dure to analyze such a large number of communities, a
regression-based analysis was investigated. Simplifying
the analysis to a regression offered a measured amount
of uncertainty, required only a few model parameters,
and demanded fewer assumptions than simulating the
entire building stock of each community in a BPS tool.

Overarching methodology

The procedure taken to train a regression model with
minimal and geographically biased measured data is
the novelty of this article and is presented in this sec-
tion. The best case scenario would have been to have
Canada-wide measured data to train regression models
for this task. The available PPD P50 fuel was clearly
insufficient for training a national regression model.
Therefore, simulation was necessary to produce surro-
gate data for a representative, Canada-wide community
list that could be used for model training. The follow-
ing process was conceived:

1. Use the measured PPD P50 fuel data to validate a
building stock simulation procedure for modelling
residential and CII heating energy (compare simu-
lated predictions to available measured values).

2. Use the simulation procedure developed in Step 1 to
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produce residential and CII heating energy predic-
tions for 30 communities that span the entire coun-
try. This creates a Canada-wide training dataset
for the regression models.

3. Use coefficient of determination (R2), root-mean-
squared error (RMSE), mean absolute error (MAE)
and maximum absolute residual (MaxAR) to eval-
uate the success of different predictor variables for
use in each of the residential and CII heating energy
regressions while evaluating overfitting with cross-
validation.

4. Use the best-performing regression models from
Step 3 to predict residential and CII heating energy
use for all 139 of the in-scope remote communities.

The available communities used to accomplish Steps 1
and 2 were subject to data availability described ear-
lier. Step 1 was restricted to Nunavut communities
with measured PPD data that hadn’t been flagged as
unreliable. Step 2 required CII floor areas and CII
building-type information, so 30 communities were ran-
domly selected from the 86 communities with OSM ar-
eas. Each of these 30 communities was then assessed
for the quality of its building-type metadata. If a com-
munity was deemed unacceptable, it was removed from
the list and another community was randomly pulled
from the list of 86. The 30 communities that success-
fully passed this screening process are identified as “Tr”
points in Figure 1 (i.e. the purple and pink points).

Simulation procedure

The building stock simulation procedure validated in
Step 1 and used in Step 2 to create the surrogate train-
ing data for each of the residential and CII buildings is
described in this section.

Residential simulation procedure

Simulation of the residential buildings relied heavily on
information extracted from Canada’s Census of Popu-
lation (further referred to as simply “census” (Statis-
tics Canada (2024)). The existing number of single de-
tached, semi-detached, and row-house dwelling units for
a particular community were identified from the 2021
census. To estimate vintages for these homes, differ-
ences were taken between the dwelling counts of vari-
ous census years. For example, the difference between
the 2000 and 2016 dwelling counts was taken as the
new builds in 2001-2016 and the difference between the
2016 and 2021 dwelling counts was taken as new builds
post-2016, and everything else was assigned a pre-2001
vintage. The census identifies the number of dwelling
units that are classified as a “row-house”, but does not
distinguish between end and middle units. This distinc-
tion impacts energy use since end units tend to require
more heating energy than middle units. A predomi-

nant multi-unit housing form in remote communities is
a 5-plex, with 2 end units and 3 middle units. For this
reason, the number of row-houses identified in the cen-
sus was divided into 5-plexes (i.e. 2/5 end units and
3/5 middle units).

Having established the number of each house-type (sin-
gle detached, semi-detached, row middle unit, row end
unit) and an approximate vintage distributions (pre-
2001, 2001-2016, post-2016) for each, energy use inten-
sities (EUIs) needed to be determined. EUIs for each
house-type and vintage were determined using HTAP
(Natural Resources Canada (2024d)) and HOT2000
v11.8b18 (newer versions are available for download at
Natural Resources Canada (2023)). HOT2000 files sub-
mitted to NRCan through the Canada Greener Homes
Initiative (Natural Resources Canada (2024b)) were
used for this analysis. HOT2000 files are submitted
to NRCan by authorized Energy Advisors via this pro-
gram resulting in a repository of over 500,000 HOT2000
files that represent real Canadian homes. 845 of these
building files were identified as Northern or remote
(by their location) and were batch simulated in HTAP
for the PPD communities and regression training com-
munities using the most representative 2020 CWEC
weather files available in HOT2000 v11.8b18. The re-
sults were categorized based on census housing types
and vintages described above. The median annual EUI
(in GJ/dwelling) for each category was used with the
dwelling counts from the census to determine commu-
nity residential heating loads. The median was used
instead of the mean to avoid the influence of some sig-
nificant outlier buildings.

CII simulation procedure

Similar to the simulation procedure implemented for
the residential building stock, the simulation proce-
dure for CII buildings was also founded in determin-
ing appropriate EUIs with BPS tools and appropri-
ate CII building size features through publicly avail-
able channels. BTAP (Natural Resources Canada
(2024a)), the CII companion BPS tool to HTAP, was
used to determine appropriate EUIs for various CII
building types. This study used five CII archetypes
from BTAP since they were relevant to CII buildings
found in remote communities - namely SmallOffice, Pri-
marySchool, Outpatient, RetailStandalone, and Small-
Hotel. EUIs (for CII buildings in GJm−2) were deter-
mined for each of these building archetypes assuming
BTAP 1980-2010 constructions and using the most rep-
resentative weather files available. Arenas and recre-
ation centres are a common feature in communities but
no arena archetype is currently available in BTAP. An
EUI of 1.11GJm−2 was used for arenas in this analy-
sis from an energy audit for a recreation centre in Fort
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Simpson, NT (Arctic Energy Alliance (2018)).

For CII buildings, a simple building count is insufficient
since CII building sizes are extremely variable and the
floor area of BTAP archetypes may not be reflective of
those seen in remote communities. Conditioned floor
area would have been the best building feature to use
but this data was mostly unavailable for the in-scope
communities (the exception being special interest build-
ings with published energy reports although these were
rare). Building footprint was used instead as a lower-
tier, but more accessible, building size indicator for the
analysis of the CII buildings.

The methodology outlined in Richardson et al. (2023),
with additional automation using OSMnx (Boeing
(2017)), was implemented to download building foot-
prints for the in-scope communities and, when sufficient
data was available, characterize buildings based on their
use-types. Starting with the footprints for the full 139
community list, checks with OSM and Google Earth
imagery were used to identify the 86 communities with
reliable footprint data. A Python script for identifying
building-use characterization words from the available
OSM metadata was then used to specifically identify
and categorize CII building footprints. The combina-
tion of building-type specific areas with building-type
specific EUIs from BTAP yields the simulated CII heat-
ing energy. Manual checks and community overviews
using other sources such as Google Maps and commu-
nity planning maps were completed to ensure that the
buildings were correctly characterized.

Limitations

Both residential and CII simulations have limitations
due to the assumptions made to navigate the limited
data availability. A limitation of the residential simu-
lation was the omission of apartment building types.
Quantifying the energy use of apartment units pre-
sented several challenges. Apartments that are more
than 3 storeys and have a floor area greater than 600
m2 fall outside of the scope of buildings modelled in
HOT2000/HTAP and are instead modelled in BTAP.
At the time of writing, the EUIs calculated for low-
and mid-rise apartment buildings in BTAP are signifi-
cantly higher than expected. The BTAP development
team is working on better understanding this issue how-
ever, use of these EUIs result in much higher residential
heating energy than the PPD measured data for com-
munities with significant apartment unit counts in the
census. Since the residential building stock in most
remote communities is not dominated by apartments,
and since omitting the apartments led to generally bet-
ter alignment with measured values, it was decided to
omit these from the analysis.

The most notable limitation of the CII process is the in-

ability to properly characterize multi-storey buildings.
With building footprints being the only reliable build-
ing size indicator for in-scope communities, the pro-
cess was limited to assuming building footprints are
representative of conditioned floor areas. The use of
building footprint multipliers for certain building types
was investigated. This involved using a solver algo-
rithm that varied footprint multipliers for each build-
ing type within building reasonable limits (e.g. a mul-
tiplier <1 was deemed unreasonable) until an optimum
combination was obtained to align simulated and mea-
sured energy consumption. This investigation found
that, based on the communities for which there was
measured data (i.e. the PPD communities), the lowest
MAE was obtained when building multipliers of 1 were
used; likely because single-storey buildings dominate
the remote community building stock. We can conclude
from this investigation, that the presented methodol-
ogy should be limited to communities with dominantly
single-storey buildings.

Additionally, the data used in the CII simulations were
heavily reliant OSM footprints which were created by
volunteers digitizing high-resolution satellite images,
rather than ground-truthed measurements. While ad-
ditional resources were used to assist with the manual
classification of building types, there were instances of
conflicting information on certain buildings which made
it challenging to determine the true building use. Many
communities also did not have firm boundaries or were
located close to neighbouring communities, so educated
decisions needed to be made on community boundaries
using census maps.

Comparison to measured data

This section describes the simulation validation part of
the overarching methodology (Step 1). Figure 2 plots
the measured PPD diesel consumption data (converted
from volume to energy as described in the Data avail-
ability section) against the simulated heating energy us-
ing the residential and CII procedures described above.
The percent differences between the measured and sim-
ulated values for each community are also shown. The
residential simulation procedure produces heating en-
ergy predictions that generally predict the PPD heating
energy well with an average absolute percent difference
of 10% across the 19 communities. For the commu-
nities where the percent difference exceeds 10%, these
tend to be under-predictions by the simulation proce-
dure. With some communities consuming <30TJ, the
percent difference can be large for relatively small en-
ergy prediction errors. The MAEs for the residential
simulated values range between 0-11TJ with an aver-
age MAE of 3.7TJ, and all communities except Arviat
have MAEs <9TJ.
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Figure 2: Comparison of simulated consumption to
measured PPD heating fuel data.

The heating energy predicted by the CII simulation pro-
cedure agrees less well with the PPD data with an av-
erage absolute percent difference of 21%. This is not
surprising given the limitations of the CII procedure in
properly quantifying the actual conditioned floor area
of the CII buildings. With the exception of 2 large
CII consumers (Cambridge Bay and Rankin Inlet), all
communities have PPD CII consumption <50TJ. Sim-
ilarly to the residential analysis, the percent differences
can be deceiving given the absolute energy differences
seen between the simulations and measured values. The
MAEs for the CII simulated values range between 0-
32TJ with an average MAE of 9.0TJ. Cambridge Bay,
Arviat, and Rankin Inlet have MAEs between 25-32TJ
with all other communities having MAE <13TJ. Cam-
bridge Bay and Arviat see over-predictions whereas
Rankin Inlet sees an under-prediction of the PPD.
Both over-predictions and under-predictions could re-
sult from incorrect assignment of building use-types
by associating an unrepresentative EUI to a particu-
lar building footprint. Under-predictions could be the
result of communities that have a higher presence of
multi-storey buildings as is likely the case for Rankin
Inlet. Under-predictions could also be caused by CII
building footprints being missed in OSM.

It’s important to recognize that climate plays a role
here - the PPD data is for a particular year (2017-2018)
whereas the EUIs are calculated using 2020 CWEC
weather files. Therefore an exact match would not be
reasonable and differences in climate conditions could
account for some of the differences seen.

Finally, it’s interesting to note that while the residen-
tial simulations tend to under-predict the measured
PPD values, the CII simulations tend to over-predict
the measured PPD values. This indicates that the way
the PPD end-use sub-categories were divided into res-
idential and CII consumption could have been incor-
rect. This division was made off the names of the sub-

categories as well as conversations with the team who
initially received this data from PPD. However, it’s pos-
sible that some CII consumption was allocated to the
residential buildings. Re-evaluating this CII-residential
split in the PPD data may result in better alignment
between simulations and the measured values.

Comparing the total community heating predictions
(i.e. the sum of the residential and CII components),
the simulations on average yield values within 7.9TJ of
the measured values (10% absolute percent difference).
Considering the sources of uncertainty and the poten-
tial unreliability of the measured PPD data, the team
was satisfied with the performance of the simulation
procedures.

Regression model development

Having established the quality of the simulation proce-
dure, the residential and CII heating energy consump-
tion of the 30 training communities were calculated
(Step 2 in the overarching methodology). This cre-
ated the Canada-wide surrogate data needed to train
a representative regression model. The model form
was established recognizing that a linear equation per-
formed well in initial investigations and by thinking of
how building energy is typically calculated. In a simple
analysis, building energy use can be calculated by mul-
tiplying a representative EUI with a conditioned floor
area. For the regression model, it was decided that a
climate indicator (such as heating degree days (HDD))
would be a suitable regressor for EUI. For conditioned
floor area, both population and total building footprint
for a community were selected as reasonably available
and promising options.

The combination of HDD and population as a regressor
for building heating energy consumption was referred to
as “population EUI” and the combination of HDD and
total community footprint as a regressor was referred
to as “area EUI”. The performance of each of these
regressors in predicting residential heating energy use
is shown in Figures 3 and 4. Comparing the model
performance parameters included in these figures, the
models perform reasonably similarly with the popula-
tion EUI model having a slightly higher R2 value and
a slightly lower MaxAR. The area EUI model has a
lower MAE and lower RMSE, however when 5- and 7-
fold cross-validations were performed, the population
EUI model had overall better performance predicting
the validation dataset.

The performance of the population and area EUI re-
gressors in predicting CII heating energy use is shown
in Figures 5 and 6. Looking at the model performance
parameters in these figures, there’s a clear superiority
in the area EUI model. This was consistent with the
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Figure 3: Residential re-
gression - population EUI

Figure 4: Residential re-
gression - area EUI

Figure 5: CII regression -
population EUI

Figure 6: CII regression -
area EUI

conclusion from the cross-validation. Recall, however,
that reliable OSM footprint areas are only available for
86 of the 139 in-scope communities. Therefore, for CII
predictions, the area EUI model was used when avail-
able and population EUI was used otherwise.

It should be noted that models with a forced intercept
of zero and without a forced intercept were both consid-
ered, however the unforced intercept was negative for
every version of the residential and CII models. This
was practically unreasonable and led to negative energy
predictions for communities with small populations/-
community footprints. As such, only models with zero
intercepts were analyzed in detail.

The analysis in this section marked the completion of
Step 3 in the overarching methodology and the final
step was executed using these regression models to pre-
dict the heating energy consumption of the residential
and CII buildings of all the 139 in-scope remote com-
munities.

Implementation results and discussion

Figure 7 plots the total community heating consump-
tion (residential and CII) of the 139 in-scope remote
communities as predicted by the regression model.
Some interesting trends can be observed in this fig-
ure. As the points deviate from blue and become more
purple/pink, this indicates higher heating energy con-
suming communities. These high consumers are more

Figure 7: Modelled community heating demands (resi-
dential and CII consumption combined).

Figure 8: Impact of HDD and population on community
heating demand.

prominent in the northern provinces and are particu-
larly dominant in Nunavut. This is expected as the cli-
mate becomes colder as you move north and Nunavut
remote communities are more populated than remote
communities in other parts of the country. This rela-
tionship is shown nicely in Figure 8 which is a bivariate
choropleth map and shows the relative magnitude of
HDD and population in each community. Referring to
the legend in the top right corner, it’s clear that com-
munities in Nunavut and the most northern points of
the Northwest Territories and Yukon consistently have
high HDD values. The majority of the communities in
Nunavut fall into the high-HDD with mid-population
category (dark purple) with only 1 community indi-
cated as a high-HDD with high-population community
(Iqaluit).
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Figure 9: Comparison of modelled heating energy values to available truth tests. Names of communities used in
regression training are highlighted.

The southern provinces are dominated by mid- and low-
HDD communities with low-populations. With prolific
transmission and pipeline infrastructure in southern
Canada, communities not connected in these provinces
are small compared to those in the North. In-land com-
munities in the southern provinces have mid-HDD val-
ues with coastal communities making up the low-HDD
category. Only 1 community makes up the low-HDD
with high-population category and that’s Les Îles-de-
la-Madeleine. This community has a population of over
12,000 people which makes it a significant outlier from
the other remote communities under consideration.

Figure 9 plots the regression predicted total community
heating energy values (“Modelled”) against all other
available comparisons. “PPD Measured Diesel” in-
cludes the measured P50 fuel delivery energy values.
“Simulated” includes the simulated energy values ob-
tained using BPS EUIs and building size indicators for
the PPD and regression training communities. “Com-
munity Energy Profiles” includes total heating energy
values obtained from community energy reports devel-
oped by community members in collaboration with pri-
vate suppliers, utilities, and provincial government de-
partments. Total heating energy was obtained from
these reports using the total community energy con-
sumption and the percent allocation to heat. In some
cases, this total heating energy could be portioned sep-
arately into residential and CII consumption.

Not all 139 in-scope communities are included in Fig-
ure 9 since there are several communities where no de-
tailed building simulation was done and no externally

sourced “truth-test” is available. Where comparisons
are available, however, Figure 9 shows that the mod-
elled heating energy appears to be generally a good
representation of heating energy use in Canada’s re-
mote communities. The training communities used in
developing the regression models are highlighted in yel-
low and unreliable PPD values are indicated.

When analyzing Figure 9, success of the modelling pro-
cedure should be weighted differently when comparing
to the different data sources. Similarities between sim-
ulated and modelled energy use for non-training com-
munities is indicative of success since these communities
weren’t used to develop the regression model. However,
some caution should be used in allocating too much
success to alignment between simulation and modelled
values when no PPD measured value is available to cor-
roborate the success of the simulated value (Iqaluit is a
notable example of this). Similarities between modelled
values and PPD measurements is indicative of success,
however the regression models are founded on simula-
tion procedures that originate from alignment with the
PPD values and so there is a bias to recognize here.

The dominant indicator of success comes from a com-
parison between the modelled values and the commu-
nity energy profile values. The energy profiles are en-
tirely separate from the modelling methodology in this
paper and so these values act as an unbiased compar-
ison. Most communities with energy profiles available
show good alignment with the modelled values. No-
table exceptions include Arviat, Iqaluit, and Rankin In-
let. The modelled consumption in Arviat over-predicts
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the expected consumption indicated by its energy pro-
file and the PPD consumption. Arviat uses the area
EUI model for CII consumption and so the most likely
culprit for the over-prediction is an issue with overesti-
mating the building areas in OSM.

Iqaluit and Rankin Inlet both have smaller modelled
consumption than the energy profiles indicate. The
regression model is particularly poor performing for
Iqaluit, predicting only 62% of the consumption ex-
pected based on the energy profile. This is unsurprising
as Iqaluit is an extreme outlier when it comes to the
building constructions present in this community vs.
other remote communities. Iqaluit is a major city in
Nunavut and has many multi-storey CII buildings and
nearly 10 times more apartment units than the other
communities where census information was extracted
in this analysis. The inability to quantify multi-storey
buildings is the biggest limitation in the CII simulation
procedure and the omission of apartments is the biggest
limitation of the residential simulation procedure. So
it makes sense that the model didn’t properly capture
this community. Rankin Inlet is also susceptible to the
prediction error caused by multi-storey CII buildings.

Even if the simulation procedure had been able to cap-
ture the large energy consumption of Iqaluit, the model
likely still would not have performed well for the com-
munity. Iqaluit is an extreme outlier and regression
success relies on similarities between training points
and prediction points. Referring back to Figure 8, Les
Îles-de-la-Madeleine is also an outlier community (large
population) and therefore model predictions for this
community should be considered with skepticism.

Conclusions

This article presents a time efficient methodology for es-
timating annual heating energy demands for buildings
in existing communities when limited by minimal and
biased data. Limitations of the methodology currently
restrict its applicability to settlement-type remote com-
munities (single-floor dominated for CII buildings; min-
imal apartments; not a strictly commercial site) how-
ever it is believed that this process could be built upon
to expand its scope in the future. BPS tools on their
own would have been insufficient for predicting the 139
remote communities considered in this project due to a
lack of building characteristic data. Data mining from
publicly available sources was used to effectively fill
data gaps, BPS simulation was used to deal with min-
imal and biased measured data, and regression mod-
elling was used to create a fast prediction procedure
that could be used to reasonably estimate the annual
building heating loads of 139 remote communities in
Canada.
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