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Abstract: The COVID-19 pandemic and global shutdown and work-from-home order for non-
essential businesses and employees led to a substantial decline in energy usage in the commercial
building sector. However, the magnitude of decline was not equivalent to what would be expected for
unoccupied spaces. The energy performance of low /unoccupied commercial buildings, particularly
in the context of new minimum requirements to maintain indoor air quality, is an intriguing research
question. In this study, we developed a numerical model that measures electricity usage sensitivity to
occupancy (ESTO) where we compare the business-as-usual energy performance with unoccupied en-
ergy performance. Two years of COVID-time (in addition to a pre-COVID control year) hourly energy
use (electricity (plug loads, lighting, and fans), heating, and cooling) using data from 35 commercial
buildings (i.e., buildings with HVAC and other building systems typical of commercial rather than
residential buildings) are analyzed to quantify those changes. A change point model is used to assess
thermal load intensities, change point temperature, and off-season unoccupied baseloads. Finally,
we suggest a generic framework for building scoring based on selected performance parameters.
Results indicate that the suggested scoring system is robust and replicable and is reliable for ranking
buildings within a given portfolio from best- to worst- performing, thus prioritizing buildings that
are best candidates for retrofits.

Keywords: commercial buildings, change point model; unoccupied building performance; overventi-
lation; partial occupancy; hybrid work environment; COVID-19; change point analysis

1. Introduction

When the global lockdown took place because of the COVID-19 pandemic, all non-
essential commercial activities were shut down and the majority of office workers began
working from home. As a result, a considerable change in occupancy-driven energy use
was observed in commercial buildings. The International Energy Agency [1] reported a
drop in energy demand of 20% following the global lockdown order in March 2020 [2]. Even
smart buildings were not programmed to adapt to sudden, long-term gaps in occupancy.
Instead, standard, static schedules were followed for building operations. Consequently,
building operators continued to follow these schedules during the COVID-19 lockdown,
which lasted for approximately two years, and, as a result, avoidable building energy
waste was observed during the lockdown period. Now that the world is recovering from
the pandemic and most employees have returned to on-site work, it is critical to consider
variable occupancy scenarios going forward. Smart buildings should adapt to partial-
to no-occupancy scenarios in order to avoid energy waste, especially during extended
unoccupied periods. Despite the fact that as of 1 May 2023, the UN WHO has declared an
end to COVID-19 as a public health emergency [3], allowing most countries to return to
routine activities as they were known before COVID-19, many governments and private
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sector employers have allowed flexible work schedules for their employees. In the present
day, hybrid, telework, fully on-site, compressed week, as well as flexible hours have become
popular work arrangements. Consequently, from the building operations viewpoint, the
prediction of occupant-driven energy consumption has been associated with uncertainties,
much greater than the uncertainty levels observed in the past. The research presented
in this paper sheds light on the criticality of integrating occupant-centric optimization of
building operations into new and existing buildings, for their ability to adapt to dynamic
operations going forward [4]. Previous studies conducted on the implications of the
COVID-19 pandemic on energy demand have primarily focused on the quantification of
those implications, whether historically (within the affected time period) or in the near
future (such as predicting the year-ahead scenario), where multiple approaches including
baselining, multi-linear regression, simulation, and advanced machine learning techniques
were deployed.

In this current study, we aim to utilize the lessons learned from (a) the unoccupied
building energy performance behavior (which represents the no-occupancy scenario) and
(b) the typical occupancy scenario pre-pandemic, in order to predict variable occupancy
scenarios moving forward. In addition, from the research findings, we aim to explore the
capability of identifying poor performing building components and prioritizing buildings
that require retrofits the most. Thus, this research aims to develop a framework to (1)
quantify the energy performance of unoccupied commercial buildings in Canada, relative
to their respective fully-occupied energy performance; (2) assess the sensitivity of building
energy consumption to occupancy and outdoor temperature, given that occupancy data
are unavailable (alternatively, using a relative occupancy metric); and (3) assign a building
performance scorecard based on multiple performance criteria.

Further material is divided into several parts. Thus, Section 2 summarizes the pub-
lished literature on quantification of the implications of the COVID-19 pandemic on energy
use at municipal, national, and international levels, identifying existing literature gaps
and research objectives. Section 3 presents materials and methods, describing the research
framework, methodology, and data description. Section 4 discusses the research findings.
Section 5 presents the framework for ranking the energy performance of buildings within a
given portfolio. Section 6 presents a discussion and interpretation of the results. Finally,
Section 7 concludes the paper findings and suggests future directions.

2. Literature Review

The COVID-19 pandemic disrupted economies worldwide [5]. In order to contain
the spread of the COVID-19 virus, various measures were taken, including partial or com-
plete lockdowns, curfews, restrictions on public gatherings, and shutdowns of businesses
deemed to be non-essential [6]. In 2020, after COVID-19 was declared a global pandemic
by the WHO, researchers were motivated to use new trends in electricity usage to predict
future demand, but had limited information on the long-term socio-economic impacts
of the pandemic and the duration of those impacts. Ref. [7] predicted annual energy
savings in kindergartens, schools, apartments, and townhouses in Norway using data
from March 2020 to December 2020. They found that if unoccupied educational facilities
followed the nighttime and weekend schedules during weekdays, annual electricity usage
would drop by a third. On the other hand, if residential buildings operated in a work-
from-home context, the annual electricity demand would increase by 27% and 1.3% for
apartments and townhouses, respectively. Ref. [5] found that electricity consumption and
nighttime lighting can act as an indicator for measuring economic activity in India. In India,
a national lockdown took place on 25 March 2020, where energy consumption declined by
more than 25% in the short-term, and then recovered gradually over the long term as the
restrictions were eased step-by-step. In the past, methods employing electricity consump-
tion and nighttime lighting intensity have been deployed to track economic activity and
to improve India’s GDP national account estimates [8]. The COVID-19 infection rate also
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played a role in energy usage. A higher infection rate was linked to a decline in nighttime
lighting intensity [5].

Some unexpected energy performance behaviors were also observed. Despite the
criticality of hospital operations during the COVID-19 pandemic, especially during the
initial response to the virus in March and April 2020, Ref. [6] concluded that hospital
electricity demand during this period decreased relative to the same time period in 2019.
They elaborated that, even though hospitals were overwhelmed by the number of patients
requiring critical care depending primarily on electricity supply (such as electric ventilators
and inhalers), some non-urgent programmed surgery and outpatient consultations had
been cancelled or postponed, leading to an overall reduction in hospital electricity usage
of 19.49%. Ref. [9] also found that the stringency of lockdown measures and mobility,
especially for retail and recreation centers, had a direct impact on deviation in electricity
demand. Ref. [10] studied the electricity performance of 27 commercial smart buildings
in the National Capital Region in Canada during the two years following the COVID-19
pandemic lockdown. Their study concluded an average reduction of 10% in commercial
smart buildings during the first year following the COVID-19 pandemic lockdown order,
where the change rate was non-uniform across different building archetypes. For context, in
Ontario, the share of annual electricity demand for the building sector is 36%, 29%, and 31%
for commercial, industrial, and residential buildings, respectively. Refs. [11,12] studied the
effects of the COVID-19 pandemic on electricity consumption at the utility /customer-class
scale in the United States—specifically, the shift in electricity usage between the commercial
and residential sectors. They addressed the questions of “when, where, and how we use
electricity” during the pandemic lockdown.

Conversely, the occupation of residential buildings rose during the lockdown order,
due to occupants working and conducting many other activities from home. While it
is typically expected that residential energy demand would increase during lockdown,
Ref. [13] conducted various energy simulation scenarios in Sweden, concluding that space
heating demand went down from 27.4 kWh/m? under normal occupancy schedules,
to 19.9 kWh/m? under a 24-h full occupancy for an entire year, due to the increase in
internal heat gains. Ref. [14] studied the effects of the COVID-19 pandemic on energy
(electricity, hot water, and space heating) consumption in Canadian social housing at two
levels: total usage and daily patterns. They concluded that during mid-day, electricity
usage and hot water usage increased by 46% and 103%, respectively, while space heating
did not change compared to pre-COVID consumption. Ref. [14] stated that according
to Google’s COVID-19 Community Mobility Reports, during the first month following
the COVID-19 pandemic lockdown, occupation of residential buildings increased by 21%,
whereas that of retail and recreation facilities dropped by 63%. Similarly, Ref. [15] studied
the effects of the stay-at home order due to the COVID-19 pandemic on residential electricity
usage in New York, U.S. Ref. [6] studied the effect of COVID-19 lockdown measures on
electricity consumption and load patterns in Spain. Their analysis was carried out by
comparing electrical demand during the COVID-19 lockdown period until end of April,
2020 (nearly 6 weeks) with the average electricity demand over the past 5 years (2015-2019).
Weekday and weekend electrical demand declined by 14.53% and 10.62%, respectively.
Ref. [16] studied how German and other European electrical grids reacted to the COVID-19
pandemic lockdown at a national level. Ref. [17] also studied the impacts of the COVID-19
pandemic on electrical demand in multiple European countries with varying levels of
lockdown restriction, for example, Spain, Italy, Belgium, and the UK as countries with
severe restrictions, and the Netherlands and Sweden as countries with less restrictive
measures. Results indicated that during the week following the lockdown order, electricity
consumption decreased by 25%, 17.7%, 15.6%, 14.2%, and 11.6% for Spain, Italy, Belgium,
United Kingdom, and Netherlands, respectively, but also interestingly increased in Sweden
by 2.1%. Ref. [18] studied trends in electrical load in Brazil during the COVID-19 pandemic
by comparing demand before and after the pandemic lockdown order. A heterogeneous
change across different regions in Brazil was reported, where the highest drop in electricity
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usage was observed in the South subsystem (19%), followed by the Southeast, Northeast,
and North subsystems, with reductions of 15%, 14%, and 3%, respectively. Ref. [19]
quantified the impacts of the COVID-19 pandemic on gas and electricity demands in China.
Ref. [9] studied the global (with a sample of 58 countries) electricity market deviation during
the eight-month period following the COVID-19 lockdown order. Ref. [20] investigated the
impacts of the COVID-19 pandemic on the electrical grid of Great Britain, where demand
was reduced by approximately 25%. The electricity load profile in Great Britain shows that
during the initial response to the COVID-19 lockdown order, peak loads had the highest
reduction (—20.31%) while base loads had the least reduction (—9.5%). In the State of
Kuwait, during the COVID-19 pandemic lockdown, electrical power demand at the state
level dropped by 17.6% during the full lockdown period, as compared to the predicted
electrical power demand [21]. In Poland, it was found that offices and shopping centers
had the most significant drop in electricity usage during the initial lockdown period, with
a 15-23% reduction compared to the pre-pandemic usage. Refs. [22,23] shed light on the
heterogeneity of variations in electric power demand during the COVID-19 pandemic,
referring to the responses of the various U.S. states to the initial pandemic lockdown
order. The variation is not only on the aggregate level, but also on the grid stress level,
for example, peak demand, where some states indicated increased stress, less stress, or
even no significant change. Ref. [11] found that during the initial stage of the COVID-19
pandemic (i.e., March 2020-June 2020), electricity demand in Canada dropped by 10% in
Ontario, and about 5% in Alberta, British Columbia, and New Brunswick. In April 2020,
electrical demand in the Province of Ontario dropped by 14% overall, and by 16% in
Ottawa (the national capital of Canada) [24]. Ref. [9] classified the global initial response
(decline) severity and recovery speed in electricity demand during the initial COVID-19
period (January—April 2020) and found that, in Ontario, the initial response fell under the
“severe” category, while that of Alberta and British Columbia fell under the “mild” category;
however, the speed of recovery for all three provinces was quick. Table 1 summarizes this
literature review of the short-term deviation in electrical demand worldwide due to the
pandemic lockdown order.

In conclusion, the electrical demand in the building sector at municipal, national and
international levels had been clearly affected by the COVID-19 pandemic; this implies
substantial socio-economic disruption, since energy demand is directly linked to people’s
activities, in particular, work activities [25]. However, the extent and duration of disrup-
tion showed heterogeneity, depending on the building sector (e.g., housing, commercial,
educational), degree of lockdown strictness, and spread of the virus, as well as behavioral
aspects and protective measures applied in buildings (e.g., increased outdoor air intake,
limited occupancy, mobility). Going forward, it is critical that while we prioritize health
and safety in buildings by, for example, maximizing outdoor air intake, we do this in an
energy-efficient manner with regard for climate change mitigation [16].

Table 1. Summary of short-term deviation in electricity demand due to the pandemic lockdown order.

Short-Term Deviation (1-6 Months)

Country
Country-Wide Commercial Residential
India —20 to —30% [5]
Spain ~13.5% [6], —25% [17]
Ttaly —17.7% [17], —25% [6]
Belgium —15.6 [17]
United Kingdom —14.2[17]
Netherlands —11.6% [17]
Sweden +2.1% [17]
Poland —15 to —23% [22]
UsS. —12% (except Florida) [26] —9% (commercial), —11% (industrial) [12] +6% [12]
Brazil —3to —19% [18]
Canada —5% to —16% [24] —10% [10]
Kuwait ~17.6% [21]
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Research Gaps and Objectives

In this study, we complement the foundational work on the implications of the
COVID-19 pandemic on energy usage by contributing to the following research objectives:

e Analyze the energy performance of 35 commercial smart buildings for 2 full years
following the COVID-19 pandemic lockdown order on 16 March 2020, where 3 energy
types are addressed (electricity (lighting, plug loads, and fans), district heating (steam
or high temperature hot water), and district cooling (chilled water));

e  Use change point model analysis to understand the heating and cooling load charac-
teristics of buildings during the unoccupied period;

e  Perform a black-box sensitivity analysis on the effects of occupancy levels on electricity
usage, taking the COVID-19 stay-home period as a reference for electricity performance
with no occupancy, and the pre-COVID period as a reference for business-as-usual
electrical performance;

e  Propose electricity usage scenarios for future hybrid work postures.

3. Materials and Methods

Building Automation System (BAS) data from commercial smart buildings (study
buildings thereafter) was collected at 1 h granularity for the periods before, during, and after
the COVID-19 pandemic. The study utilizes metered electricity (lighting, plug loads, and
fans), chilled water (cooling), and either steam or High Temperature Hot Water (HTHW)
(heating) usage data for the full years between 16 March 2019-15 March 2022, with particu-
lar attention to systemic changes that occurred from 16 March 2020 onwards. Here, the term
“commercial buildings” refers to buildings with HVAC and other building systems typical
of commercial rather than residential buildings. This portfolio investigated in this study
includes education, mixed-use, library, bank, office, parliamentary, government, conference,
post office, retail, media, museum, court, and laboratory facilities. For more detail on the
building portfolio size and each building’s archetype affiliation, see Table 2). Instead of the
calendar year, we refer to the study period as follows: Pre-pandemic Reference Year (PPRY)
(16 March 2019-15 March 2022), Pandemic Year 1 (PY1) (16 March 2020-15 March 2021),
and Pandemic Year 2 (PY2) (16 March 2021-15 March 2022) to reflect the pre-pandemic (dur-
ing which COVID-19 had not been observed) and post-pandemic onset (“post-pandemic”
thereafter) years, where the second pandemic year PY2 was still under lockdown order, but
with eased restrictions. Data from PPRY are considered as the control period to compare the
pandemic energy performance in PY1 and PY2 to the pre-pandemic energy performance;
however, in some limited cases, where data from 2019-2020 are missing or inconsistent,
an older dataset (e.g., 2018-2019) is used. In the past, we examined multiple comparative
methods to quantify the impacts of the COVID-19 pandemic on energy usage in commer-
cial buildings with a focus on electricity only [10,27], where methods included baselining
(Equation (1)), multilinear regression, and time-series decomposition. In this article, an
expansion of the previous analysis includes electricity as well as non-electric heating and
cooling loads for a larger set of the building stock (35 buildings).

deviation,py (%) = (E, py — Ee,ppryY) * 100/ E¢ ppRY (1)

where e represents the energy type (electricity, steam, chilled water, gas), E is the annual
aggregate of the given energy type, PY represents the pandemic year under investigation,
and PPRY indicates the pre-pandemic reference year. In this study, an integrated framework
for energy performance during and following the COVID-19 pandemic is proposed as
summarized in Figure 1. Here, energy includes electricity (e.g., lighting, plug loads,
ventilation), chilled water (cooling) and steam/HTHW (heating).
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) . . ( Time-series smart meter
Time-series smart mzlt;;lelectnaty data heating/cooling data
eid'dr( ) hid.dtl Cid.dt(kWh): Outdoor
g L temperature (°C) )
,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, e D =
Extract peak loads e ,, 4. and base (. . . i )
loads ;4 5 4c Define active heating/cooling months,
’ metada (day of week, daytype)
\ J
.
PrOCEss Extract no occupancy and full ( )
occupancy peak/base loads Apply simple linear regression (Eq. 4)
. J

Multi-linear regression (find coefficients
of correlation)

(Eq. 2)

Predict scenarios for changes in

's N D!

electricity usage based on occupancy Calculate (;hange Ffom,t temperature,

heating/cooling intensity,
(Ea. 3) J | heating/cooling base loads

Evaluate buildings based on expected ( )

Outputs output (e.g. 10% increase in baseload Rank buildings based on thermal load
due to ventilation as a baseline performance
J
\

Rank buildings accordingto energy performance and identify poor performing
buildings

Figure 1. Framework for ranking building energy performance.

3.1. Low-Occupancy Energy Usage Data Exploration

Average annual energy usage intensity (EUI) (for electricity and weather-normalized

EUI for thermal loads) (Units used for electricity, chilled water, and steam: MJ/m? /year,
J/CDD/m?/year, and ]/HDD/m?/year, respectively, where Degree Days are based on
18 °C) per building archetype, is presented in Figure 2, from which, the following observa-
tions are made:

Electricity: changes in annual electricity usage varied between —35% and +48% in PY1
and between —38% and +62% in PY2. Out of 35 buildings, pandemic-related annual
reductions were observed in 26 buildings in PY1 and 21 buildings PY2. The mean
change percentage in annual electricity usage is —4.8% and —4.1%, while the median
change percentage is —7% and —5% for PY1 and PY2, respectively.

Steam/HTHW: a wide range of post-pandemic onset behavior is observed, where
weather-normalized changes in annual steam/HTHW usage varied between —67%
and +90% in PY1 and between —69% and +134% in PY2. Pandemic-related annual
reductions were observed in 56% and 44% of buildings in PY1 and PY2, respectively,
indicating that nearly half of the building stock increased its heating loads during
the pandemic, despite the fact that these buildings were either unoccupied or had
restricted occupancy. The mean change percentage in annual weather-normalized
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(a)

(b)

(c)

steam/HTHW usage is —2.2% and +13.4%, while the median change percentage is
—6% and +3% for PY1 and PY2, respectively.

e  Chilled water: weather-normalized changes in annual chilled water usage varied
between —100% and +310% in PY1 and between —100% and +91% in PY2. Pandemic-
related annual reductions were observed in 71% and 68% of the building stock in PY1
and PY2, respectively. The mean change percentage in annual weather-normalized
chilled water usage is —19.3% and —29.9%, while the median change percentage is
—34% and —30% for PY1 and PY2, respectively.

Average annual electricity EUI per building archetype (M1/m2/year)
Building Archetype
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g 700 0o o
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Figure 2. Average annual EUI pre- and post- pandemic per building archetype for (a) electricity,
(b) steam (heating), and (c) chilled water (cooling).

The immediate research question that emerged after observing the trends in energy
usage during the low-occupancy situations precipitated by the COVID-19 lockdown order
was: why did the reduction in energy usage for unoccupied spaces not reasonably match
the reduction in occupancy levels, especially for occupant-driven energy usage (i.e., electric
plug loads)? First, an exception could apply for buildings that had minimum high HVAC
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requirements regardless of occupancy levels, such as laboratories, data centers, and critical
facilities. Second, due to the ad-hoc shutdown, particularly immediately after the national
lockdown order was declared in March 2020, building managers found that a lack of zoning
and smart controls inside commercial buildings created energy efficiency roadblocks.
Third, an early response was to increase ventilation rates in all buildings regardless of
occupancy as a measure to restrict virus spread, thus increasing related electricity use for
air conditioning and fans.

3.2. Predicting Occupancy-Driven Electricity EUI in the Absence of Occupancy Data

In this section, we propose a relatively novel method to measure electrical load sen-
sitivity to occupancy (ESTO) when objective occupancy count data are absent. Previous
studies have aimed at understanding occupancy and occupancy-driven operations and the
associated energy demand in commercial buildings. Ref. [28] investigated the use of Wi-Fi
infrastructure to detect Wi-Fi-enabled mobile devices as a proxy to count building occu-
pants. Ref. [29] studied occupancy sensing via sensor fusion, where available data included
Wi-Fi, CO, concentration, PIR motion detectors, and plug-and-light electricity load meters.
They found that Wi-Fi-enabled device counts had high relevance for occupancy-count esti-
mations compared to ground truth counts. However, due to the scarcity of occupancy data,
especially in buildings that are highly secure (and where access to Wi-Fi data would violate
privacy), and/or where the occupancy detection technologies required infrastructure that
is expensive to implement [28], novel non-intrusive, black-box methods are required to
understand the correlation between user behavior and electrical demand. In this section,
we aim to address this research gap by taking advantage of the unoccupied periods right
after the ad hoc shutdown due to the COVID-19 pandemic in March 2020—specifically,
within 2 weeks of the national lockdown order. This period represents the no-occupancy
operation period (we assume the building was unoccupied during all hours due to imme-
diate pandemic restrictions). Afterwards, a series of step-wise easing of restrictions based
on the spread of the virus was introduced, resulting in partial occupancy episodes, but no
information on ground truth occupancy counts was available. This assumption also applies
to the period between January and March 2020, when global news reporting the spread
of the COVID-19 pandemic worldwide influenced local office employers” and employees’
voluntary decisions to work remotely as a preventive measure against the spread of the
virus. On the other hand, the typical full occupancy “business-as-usual” operation was
extracted from the pre-pandemic reference year. Here, “full” occupancy does not mean
occupancy at maximum design capacity, or every seat occupied, but rather means typical
pre-pandemic daytime occupancy. In order to control for other possible parameters that
may affect electricity usage we applied data filters to exclude possible electrical thermal
loads, weekends, holidays, and pre- and post-occupancy conditioning periods (typically
2 h directly before and after normal operation). Therefore, we selected weekday peak
operation loads (i.e., 8:00 a.m. to 4:00 p.m.) during shoulder seasons (i.e., spring and fall).
Similarly, base loads were selected between 10:00 p.m. and 4:00 a.m. Linear regression was
then used to establish the relationship between no-occupancy (pandemic lockdown) and
typical full occupancy (pre-pandemic) electricity usage intensity. Extrapolation from the
linear regression equation was then deployed to predict partial occupancy electricity usage
intensity. Figure 1 presents the methodology in detail. Equation (2) denotes the multilinear
regression (MLR) equation that was developed to quantify the impacts of the lockdown
order on electricity use while controlling for other parameters.

gyt =CHa-m+p-h+0-cod+vy-oh+35-T+e - T>+pu-ALT+w-DNI+9d-D (2)

€id, f,dt = Cid, bat + K+ fia ar ®)

where daytype (weekday, weekend, holiday) dt, month of year m, hour of day k, hours
of operation oh, outdoor temperature T, direct normal irradiance DNI, daylight hours
ALT, and reported provincial death statistics [30] linked to the COVID-19 pandemic D
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represent control parameters. Equation (3) was deployed to estimate the electricity EUI
eid, f,4t for any given fraction of occupancy fig 4; (0-1), where e;4, j 4; denotes the base load b
for building id and daytype dt, K is the intercept, s is the slope that indicates the electricity
load intensity due to occupancy, and fj; 4 is the fraction of occupancy (in this study, 0
for the occupancy shortly after the pandemic lockdown order and 1 for the typical pre-
pandemic full occupancy). For more details on this proposed method and its validation,
refer to [31].

3.3. Thermal Load Change Point Analysis

Change point models, as proposed by ASHRAE in the early 2000s [32], provide a
fit between heating or cooling energy use and outdoor air temperature. In this study, a
modified change point model [33] is used as illustrated in Figure 3, and defined in a simple
regression model in Equation (4) (heating) and Equation (5) (cooling).

Qn = Y+ Zh(Tout - xh) 4)
Qc = Y+ Zc(Tout - xc) (5)
o
g r
>
o
(]
C
o
0
E=
°
o
L
)
=
g
T Znp Zc
Ye
B Y
Xh Xc Outdoor air temperature

Figure 3. Schematic of the proposed change point models for heating (red) and cooling (blue).

Each of the heating and cooling change point models has three sets of parameters.
Parameters x;, and x, define the change point temperature for heating and cooling, re-
spectively. This is the outdoor air temperature at which the building switches between
providing only the base load (independent of outdoor temperature) and providing active
heating/cooling based on the outdoor temperature. This temperature, also called the
balance temperature, may also indicate the shift between off-season and on-season heating
or cooling. In an ideal case, and to avoid simultaneous heating and cooling in a building, x.
should be higher than x;,. However, this condition is often violated in commercial buildings,
resulting in a waste of energy. Parameters y;, and y. indicate the y-intercept value and
correspond to the base load for heating and cooling, respectively. This parameter is non-
negative. In some buildings, the base loads are zero, meaning that there is no off-season
heating or cooling. This is also a necessary condition to avoid simultaneous heating and
cooling. However, in buildings with multiple zones that require strict following of zonal
temperature setpoints (such as those with server rooms, laboratories, etc.) the base load is
usually not zero. Finally, parameters z; and z. represent the slope of the line for the active
part (for outdoor temperatures higher than the cooling change point or lower than the
heating change point). This slope is a measure of heating/cooling intensity, which is how
much additional energy is used for 1 degree Celsius of change in outdoor air temperature.



Buildings 2023, 13, 2160

10 of 22

For heating, the slope is a negative number, while for cooling it is a positive value. Note
that heating and cooling loads compensate for additional heat loss through the building
envelope. In other words, for two buildings of similar archetype that are located in the
same climate zone, the one with a higher absolute slope has poorer envelope performance
in terms of thermal insulation and/or air leakage. The parameters of the change point
models are identified using a Genetic Algorithm optimization [33].

4. Results
4.1. Electricity EUI Sensitivity to Occupancy (ESTO)

After validation [31], the ESTO model was deployed on all study buildings in which no
objective occupancy data are available. It should be noted that the data set used in this current
study is distinct from that used for demonstration in [31]. By knowing the base (night-time
business-as-was-usual (i.e., night-time baseload pre-COVID), no-occupancy and typical full-
occupancy electricity EUIs, and slope (calculated), we were able to establish a linear regression
to estimate the electricity EUI for a given occupancy fraction. Figure 4 demonstrates the
average per building archetype sensitivity of electricity EUI to occupancy. In other words,
each line represents the average of a building archetype where the sampling size for each of
the presented archetypes varies according to data availability. The mean value of all study
buildings is plotted in dashed red, while the two solid red lines represent the lower and
upper boundaries, calculated as “mean =+ 2 standard deviations”. Values outside of the
upper and lower boundary range are considered outliers. Here, the slope defines the impact
of occupancy on electricity EUI on a scale between 0% (unoccupied) and 100% (typical
business-as-usual occupancy). A steep slope indicates a high sensitivity to occupancy, or
in other words, the more occupants, the higher electricity EUL. An obvious example is
office buildings and educational facilities; where each typical occupant would turn on
computing equipment and/or electronic devices. On the other hand, a flattened slope may
indicate less sensitivity of the building’s electricity EUI to occupancy count, such as in the
case of a library or church. The plot also shows and compares the average baseload per
building archetype, where the lowest, median and highest are retail, court, and conference,
respectively. A typical office building’s base load is 36 W/m?, and laboratory is 65 W/m?.

Sensitivity Analysis on Occupancy Fraction
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parliamentary
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Figure 4. Estimated electricity EUI based on occupancy fraction, averaged per building archetype.
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4.2. Cooling

Figure 5 shows change point models for cooling load. It can be seen that some of the
models stand out by a higher intercept, a steeper line, or an early break point. In order
to better investigate these anomalies, parameters of the change point models are listed in
Table 2 for the studied buildings.

Cooling change-point models
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Figure 5. Change point models for cooling load. The decoding of the symbols, which denotes the
investigated buildings, is given in Table 2.

Table 2. Parameters of cooling change point models.

Name ! Type X¢ Ye Ze Name Type X¢ Ye Ze Name Type X¢ Ye Ze

A Education 0 0.95 0.39 L Post office 135 2.68 0.4 AA Lab 11.8 043 3.82
B Mixed 3.8 294 0.71 M Parliamentary 4.6 1.16 1.16 AB Office 3.6 1.32 0.17
C Mixed 4 1.38 0.37 N Parliamentary 14.8 7.88 0.46 AC Lab 9.1 1.11 3.21
D Library 0 2.12 0.25 P Library 0.3 0.61 0.65 AD Office 6.9 2.78  0.57
E Bank 0.1 2.18 0.33 S Media 4.1 1578  0.69 AE Government 9 0.1 1.07
F Office 1.1 3.82 0.38 18] Mixed 6.4 4.09 1.05 AF Lab 7.2 3.59 3.26
G Parliamentary 18.9 8.79 0.27 \% Court 22 11.31 047 AG Lab 14 0.07 0.77
H Office 7.9 2.01 0.68 W Parliamentary 20 3.95 0.07 AH Office 5 024 0.14
I Government 6.7 2.22 0.69 X Parliamentary 1.7 265 021 Al Office 8.6 013 078
J Government 6 0.01 0.27 Y Government 11.3 0.19 1.58 AJ Office 11.9 3.69 0.81
K Conf 0.3 7.65 0.39 Z Office 11.7 0.23 1.56

1 xc—cooling balance temperature; y.—cooling base load; z-—cooling load intensity.

Variable x, represents the cooling balance (or change point) temperature. The average
balance temperature is 6.7 degrees Celsius and the standard deviation is 5.4. As a result,
buildings with a balance temperature lower than —4.1 and higher than 17.5 are considered
outliers. This includes buildings “G” and “W”.

Variable y. represents the cooling base load. The average cooling base load is 3.1 Watts
per square meter and the standard deviation is 3.6. As a result, buildings with a cooling
base load higher than 10.3 are considered outliers. This includes buildings “S” and “V”.
Variable z. represents the cooling load intensity. The average cooling load intensity is
0.86 Watts per square meter and degree Celsius, and the standard deviation is 0.92. As a
result, buildings with a cooling load intensity higher than 2.7 are considered outliers. This
includes buildings “AA”, “AC”, and “AF”.

For cooling, overall, there is no single building with more than one type of abnormal
change point parameter. Still, a couple of insights are found based on this analysis:

e  Many buildings have a cooling balance temperature that is quite close to zero, meaning
that the active cooling starts and ends in winter, rather than the shoulder seasons
(keep in mind that we are using average daily temperatures). For this reason, the
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portfolio owner might want to check the criteria for starting up and shutting down
the cooling system.

As mentioned before, a necessary condition to avoid simultaneous heating and cooling
is to have a base load equal to or close to zero. By inspecting Table 2, we see that only
three buildings, “]”, “AE”, and “AG”, have a base load of 0.1 Watts per square meter
or lower, hence the remaining buildings have some simultaneous heating and cooling
that may need to be investigated.

For “S” and “V” that have a high base load, the portfolio owner might want to check
that there is no unwanted cooling in these buildings during the heating season.

The load intensity is a good indication of envelope performance. As a result, for
buildings “AF”, “Z”, and “AC”, envelope inspection (insulation, windows, ceiling,
etc.) can be a priority point in the next audit schedule.

4.3. Heating

Similar to the cooling load, change point analyses are carried out for the heating load

using the model shown in Figure 6. Table 3 shows the heating change point parameters for

the analyzed buildings.
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Figure 6. Change point models for heating load. The decoding of the symbols, which denotes the

investigated buildings, is given in Table 3.

Table 3. Parameters of heating change point models.

Name ! Type X Yn Zp Name Type X Yn Zp Name Type X Yn Zp
A Education 19.9 0.94 0.49 L Post office 16.4 0.28 1.12 Z Office 19.8 531 0.54
B Mixed 16.8 3.05 0.76 M Parliamentary 19.8 0.61 034 AA Lab 17.8 6.01 1
C Mixed 17.4 0.56 0.73 N Parliamentary 15.4 0.02 0.78 AB Office 18.5 1.26 092
D Library 19.9 1.7 0.74 (] Retail 20 5.09 1.93 AC Lab 16.4 14.28 2.18
E Bank 16.1 247 0.83 P Library 18.7 8.85 062 AD Office 17.3 645 1.83
F Office 19.8 0.44 0.59 R Retail 19.3 0.37 2.23 AE Government 12.5 0.17 0.78
G Parliamentary 135 0.21 0.52 S Media 19.9 1.81 0.65 AF Lab 19.2 23.09 144
H Office 19.6 35 0.64 18] Mixed 18.3 247 098 AG Lab 16.8 057 112
I Government 19.6 1.5 0.87 v Court 19.8 4.13 145 AH Office 16.2 0.2 0.48
J Government 16.2 0.43 0.74 w Parliamentary 194 0.59 0.45 Al Office 15.6 031 054
K Conf 19.6 12.67 0.82 Y Government 20 0.89 0.61 AJ Office 12.8 6.68 117

! x—heating balance temperature; y—heating base load; z——heating load intensity.

Variable x;, represents the heating balance (or change point) temperature. The average

balance temperature is 17.8 degrees Celsius and the standard deviation is 2.2. As a result,
buildings with a balance temperature lower than 13.4 and higher than 22.2 are considered

outliers. This includes buildings “AE” and “A]J”. Variable y;, represents the heating base
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load. The average heating base load is 3.5 Watts per square meter and the standard deviation
is 5. As a result, buildings with a heating base load higher than 13.6 are considered outliers.
This includes buildings “AC” and “AF”. Variable zj, represents the heating load intensity.
The average heating load intensity is 0.94 Watts per square meter and degrees Celsius, and
the standard deviation is 0.5. As a result, buildings with a heating load intensity higher
than 1.93 are considered outliers. This includes buildings “O”, “R”, and “AC”.

For heating, overall, the only building with two abnormal change point parameters
is “AC”, where there seems to be a high potential to lower steam usage. Similarly, the
following insights are extracted from the analysis:

e In terms of heating balance temperature, the highest value observed is 20 degrees
Celsius. For Ottawa, this average daily temperature is usually crossed in the months
of May and September, meaning that the heating system is properly started and
stopped in the shoulder seasons. For “AE” and “AJ” that have a low heating balance
temperature, this might create a comfort problem for the occupants by delaying the
start of the active heating season to a later time.

e  Regarding the base load, similar arguments to the one made for cooling can be made.
Only one building, “N”, has a base load close to zero. This means that almost all
buildings are prone to experience simultaneous heating and cooling and waste energy,
particularly for buildings “AC” and “AF”.

In terms of heating load intensity, outlier buildings, “O”, “R”, and “AC” are candidates
for the investigation of air leakage and insufficient insulation.

5. Performance Scorecard

In an effort to mitigate the worst impacts of climate change, the Government of Canada
proposed the goal of achieving net-zero emissions by 2050 [34]. To reduce the carbon
footprint from the building sector, it is necessary to reduce the energy consumption and
greenhouse gas emissions from the existing building stock. The most effective impact can be
obtained by targeting and prioritizing retrofits for the poorest performing buildings within
a given portfolio. In this section, we aim to develop a systematic method to assess building
performance based on multiple parameters, then provide a scorecard (i.e., ranking) within a
building’s own portfolio. In order to collectively assess the energy performance of buildings,
especially in cases where multiple energy sources are used, the most effective criteria first
need to be identified. In Table 4, a summary of the selected performance parameters is
presented. In this study, we summarized the annual aggregated EUI per building archetype
in Figure 2. Peak and baseload values for a similar (but not identical) dataset can be
found in [10]. Additionally, results from the change point model (for heating and cooling)
and ESTO model (for electricity) are used to assess the building energy efficiency. For all
parameters (except for ESTO load intensity), we assume that the lower the usage intensity
the better the building performance, given that all values are normalized per floor area and,
moreovet, all heating and cooling values are weather normalized for comparability. For
ESTO load intensity, we assume that buildings with low sensitivity to occupancy may either
lack zoning or, simply, over-consume electricity during low occupancy. On a weekday,
a typical office building would have an average baseload /peak load split of 15/100 and
40/100 for lighting and plug loads, respectively; or approximately 30/100, collectively [35].
In the case of the study buildings in this study, we find an average baseload /peak load
split of 60/100. In future studies, a deeper investigation of baseload /peak load breakdown
components should be carried out.
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Table 4. Selected parameters for building energy performance scorecard calculation.

Energy Type/Parameter Electricity Cooling Heating Ranking Order (4,,5) 1

Baseline/Pre-pandemic

Annual EUI
Peak EUI
Baseload (year-round) EUI

Deviation in FY20_21%

Annual
Peak
Baseload (year-round)

Ascending 2

I E:

Change Point model

Baseload (off-season) -
Load intensity -

I Er
KRR =<

ESTO model

Baseload Y - -

Load intensity Y - - Descending

11 is most efficient and n;4 (for 14 is the dimension of the vector space) is least efficient). 2 Lowest annual EUI
ranks as most efficient and so on throughout the Table.

Rank ordering (A, p,i1) where A denotes the rank (between 1 and n;; where n;, is the
dimension of the vector space or, in other words, number of study buildings), e denotes
the energy type, p denotes the performance parameter, and id denotes the unique building
id, was carried out for each parameter independently, where the lowest order for each
parameter represents the best performing building (the opposite is true for ESTO load
intensity). It should be noted that the ranking is based on a comparison between this
specific set of buildings; hence, eliminating parts of, or extending, this set of data may incur
a change in the ranking order. An integer score from 1 to 5 was assigned to each individual
performance parameter for each unique building based on the ranking order, where 1 is
the best performing, as follows in Equation (6):

A .
Score ¢ pig = {;’Z’Id X 5} (6)
1

Finally, the final score Scoregy for each individual building is calculated based on
the ceiling of the equally weighted average score out of the eight selected performance
parameters 1, for all energy types 7, collectively (represented in Equation (7) as n, or
number of performance parameters) in Table 4.

np an Score p i
Score fq = 21771
Aa
1 np

@)

The final score for each building, summarized in Table 5, is used to order the building
within its corresponding building portfolio ascendingly from best performing (i.e., 1) to
worst performing (i.e., 5). The highest possible final score of a building (for example, 5)
means that this building had multiple poor performing parameters for one or more energy
types, prioritizing it for further investigation, or nominating it as a candidate for retrofit.
Pearson correlation coefficient analysis amongst all the scores of each selected parameter
was calculated as summarized in Figure 7, where a breakdown of (a) heating, (b) cooling,
and (c) electricity is presented in Figure 7a—c, and aggregated (all energy types combined)
is presented in Figure 7d. The parameter of interest in the correlation analysis is the
“final score”. Here, a correlation coefficient indicates the impact of the score of each
performance parameter on the final score of a building. Baseload appears to have had
the strongest correlation and largest contribution to the final score, especially for heating,
electricity, and aggregated energy. This means that there is a strong tie between a building’s
poor performance and its high baseloads (i.e., afterhours electricity loads and off-season
heating/cooling loads). For cooling energy, cooling peak load intensity appears to be the
strongest contributor to the building’s final score, followed by baseload.
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Table 5. Summary of building performance scores at the building, energy type, and performance parameter levels. “T” in last column represents the total final score.

Final Score

Load Intensity
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% 20_21
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Change %
20_21

Baseload EUI
Pre-Pandemic
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Pre-Pandemic

EUI_Pre-
Pandemic

Performance Param.
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H
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! C—cooling; H—heating; E—electricity; T—total score including all energy types.
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Figure 7. Correlation between scores for each performance parameter for (a) heating, (b) cooling,
(c) electricity, and (d) aggregated energy performance.

High cooling load intensity is associated with high steam (heating) base loads. This
may indicate simultaneous heating and cooling, especially during shoulder seasons. Figure 8
presents a Sankey diagram demonstrating a breakdown of building final scores by energy
type (heating, cooling, electricity, and aggregated energy), building archetype, and score,
whereas the flow thickness indicates the building count. The aggregated energy score
(Figure 8d) shows the average score of all three energy types, rounded up to the next
highest integer. Office buildings have consistently better performance for all energy types,
as compared to the other building archetypes presented in this study, especially for cooling.
On the other hand, laboratories indicate a relatively poor scoring for cooling and electricity,
and an average performance for heating. Mixed-use buildings (e.g., office building/retail,
government/food service, office/church) are found to have had the poorest scoring for
electricity usage but average scoring for both heating and cooling. Building archetypes
with most variability in scoring are office buildings, laboratories, and parliamentary. The
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data sample size.
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Figure 8. Sankey diagrams demonstrating the count (flow thickness) of buildings sorted by building
archetype (source on the left) and final score (target on the right), disaggregated by energy type:
(a) heating, (b) cooling, (c) electricity, and (d) aggregated energy.

6. Discussion
6.1. ESTO

The methodology discussed in Section 3.1 allows the use of relative occupancy (i.e.,
hybrid work environment, shutdowns, over-occupancy) as a proxy to predict and keep
track of electrical demand. As summarized in Figure 4, it is clear that base load varies
widely across the different building archetypes, depending on their lighting, plug loads,
and HVAC requirements. For example, office buildings with large server rooms can be
highly load intensive compared to typical office buildings. Retail may have fairly low base
loads outside of the hours of operation, but substantially higher loads prior to and during
service hours. However, certain outliers may require the building operator’s attention,
such as (1) buildings with base loads exceeding the statistically acceptable boundary range
(i.e., mean + 2 standard deviations), such as base loads above 85 W/m?2, and (2) also, flat
horizontal lines in Figure 4 indicating a lack of sensitivity to occupancy, and therefore a
lack of occupant-centric controls, especially for lighting and HVAC electric loads [36].
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For the study buildings, since no information on the actual number of occupants was
available (we only assumed fractions based on typical pre-pandemic occupancy), there
could be multiple explanations for the slope-defining electricity usage intensity: (1) typical
occupancy could be normally quite low and have less of an effect on plug loads (e.g.,
maintenance buildings could be electric load intensive and hence, electric loads are less
sensitive to occupant behavior); (2) lack of occupant-centric controls for lighting, plug
loads, and ventilation components may result in a full operation regardless of the number
of occupants; (3) some buildings may have been fully or partially operated remotely (e.g.,
laboratories or office buildings with large server rooms). This may explain why only about
a 5% reduction during the first year following the COVID-19 pandemic lockdown order
was observed.

The novelty of this method as opposed to previous studies on the impact of occupancy
and occupant behavior on energy use [4,36] is that this model does not require ground
truth occupancy data, merely a record of energy use pre- and post- a pandemic lockdown
order (or any other event incurring a sustained, and unplanned unoccupied period with
normal energy service). Therefore, it can be widely applicable to the commercial buildings
sector at large. On the other hand, it should be noted that this method may be associated
with a larger margin of error.

6.2. Change Point Model

A change point analysis was carried out for heating and cooling loads. Three model
parameters were identified using a genetic algorithm optimization in order to identify
buildings with high load intensities, abnormal balance temperatures, or high base loads.
The analysis concluded that some buildings are showing signs of simultaneous heating
and cooling, and others potentially have a low performing envelope. The results can be
used to rank buildings in terms of scheduling and envelope performance to identify the
most critical buildings.

Tables 2 and 3 can both be used to rank the buildings based on envelope performance.
Additionally, by comparing the slope, change point temperature, and off-season base loads
for both heating and cooling loads, insights about the building envelope can be extracted.
For example, high cooling loads and low heating loads may indicate a high heat gain coeffi-
cient. Conversely, a low cooling load and high heating load may indicate a high infiltration
rate. Figure 9 summarizes the heating and cooling change point model fits in terms of
mean, median, maximum, and minimum values of each parameter considering all study
buildings. The maximum ranges are based on the maximum value of each parameter com-
bined (e.g., maximum base load, load intensity, and change point temperature (minimum
for cooling change point temperature) combined). The maximum and minimum ranges
may not represent an existing case of a building, but rather the highest/lowest possible
scenarios based on the feed-in information from the studied buildings. The mean heating
change point temperature is 17.8 °C, which is consistent with expectations. However, the
mean cooling change point is 6.7 °C, which is relatively low, and might be tied to high
internal/external heat gains. The baseload for heating and cooling are quite comparable
at 3.5 W/m? and 3.1 W/m?, respectively. In a heating-driven location such as the case of
Ottawa, Canada, it is expected that buildings experience higher heating load intensity than
the cooling counterpart, especially due to strong winds and relatively high humidity. This
can be clearly interpreted through the load intensity (slope) values summarized in Figure 9.
For example, a heating load intensity of 0.93 means that with each 1 °C drop in outdoor
temperature, an additional 0.93 W/m? is needed to keep the indoor temperature of the
building at its temperature set point.
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Load intensity W/m2 | 0.93/0.78 | 0.86/0.61

Figure 9. Heating/cooling change point model fit—mean of all study buildings. Solid lines: mean;
dashed lines: median.

6.3. Summary of Discussion

Findings from this study suggest that there is a potential for energy savings by reduc-
ing energy wasted during unoccupied periods (such as non-operating hours, weekends
and holidays, and longer-term shutdowns), especially for occupant driven loads (such
as plug loads and ventilation). Hence, this finding also applies for variable occupancy
scenarios resulting from hybrid and flexible work schedules. Occupant-centric control (also
referred to as demand-controlled operation) is one recommended practical solution that
can support the adaptive behavior of buildings. Zoning, hoteling, and smart power strips
can also reduce unoccupied building energy waste.

For thermal loads, the three-point change point model was deployed to determine
the heating/cooling baseload, change point temperature, and load intensity for each
of the study buildings. Buildings with lower baseload and/or load intensity indicate
higher envelope efficiency given that the temperature set point is set to a reasonable
indoor air quality and that human comfort is not compromised. Thus, moving forward,
buildings that had relatively high baseload and/or load intensity can be identified and
further investigated for their building envelope efficiency. At this point, preliminary
assumptions for deficiencies such as high external heat gains, thermal bridging, high
window-to-wall ratio, as well as mechanical system faults such as simultaneous heating
and cooling may be made. However, further investigation may be required to validate such
preliminary assumptions.

7. Conclusions and Future Work

This research aimed to (1) evaluate the post-pandemic energy performance of com-
mercial buildings given the uncertainties pertaining to partial occupancy scenarios, novel
ventilation mandates, and lack of occupancy-based controls; (2) propose a framework to
assess both weather-driven (heating and cooling) and occupant-driven (electricity: lighting,
plug loads, ventilation) energy performance; and (3) propose a scorecard methodology to
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rank buildings within a given portfolio from best to worst performing according to a set of
performance criteria.

It should be noted that, like many government and commercial buildings, objective
occupancy count data were not available. Instead, in order to understand the relationship
between occupancy-driven energy usage and occupant behavior, we proposed a novel
method to account for electricity sensitivity to occupancy (ESTO). The ESTO model was
developed using “nearly” black box methods, shedding light on the impacts of occupancy
on electricity usage intensity and allowing stakeholders to estimate future partial occu-
pancy scenarios, while using very limited information. It also facilitates the identification of
buildings that may need smart sensor retrofits for improved zoning moving forward. For
example, motion sensors for lighting, demand-controlled ventilation, etc. The strength of
the proposed method is that it is widely applicable and repeatable given easily accessible in-
formation. In this study, we took advantage of the COVID-19 pandemic lockdown period to
measure electricity usage during periods when buildings are clearly unoccupied and com-
pared it with typical full occupancy loads while subtracting baseloads from both scenarios.
An alternative could be a holiday occurring on a weekday (non-weekend) when buildings
are unoccupied but are also scheduled for normal weekday operation. Future studies
should focus on day-ahead prediction of occupancy fraction in commercial buildings.

The three-point change point model was utilized to assess the thermal load per-
formance of the building portfolio during the COVID-19 pandemic lockdown period,
identifying three key parameters: baseload, heating/cooling load intensity, and the outdoor
air temperature at which active heating/cooling starts. Compared to their own portfolio,
buildings with poor performance in one or more of the key parameters can be identified
for further investigation. High thermal load intensity may indicate either building en-
velope deficiencies (e.g., infiltration, thermal bridging, poor insulation, heat gains), or
faulty HVAC operation (e.g., hard or soft faults). High off-season baseloads may indicate
simultaneous heating and cooling or lack of proper scheduling. Change point temperature
may be intuitive of indoor comfort levels.

The proposed performance scorecard is based on ranking the buildings within a given
building portfolio from best to worst performing according to eight selected performance
criteria for each energy type, where these performance criteria are equally weighted. The
ranking of each building is then adjusted to a score between 1 and 5, where 1 represents best
performance. One interesting finding is that baseload had the most significant influence
on building scoring. In other words, buildings with relatively high baseload intensities
(for one or more energy type) are most likely to have the poorest performance. For cooling
loads, peak load intensity also indicated strong influence on the building score. Future
work should include the following:

e  Application of time-series decomposition methods to filter out noise, seasonality and
residuals, and only compare the highest and lowest points on the trend [27]. It is
critical to isolate weather and other possible parameters that may affect the electricity
usage trends.

e  Itis critical to disaggregate electrical loads to user-dependent (e.g., kitchen appliances,
personal devices, lighting intensity) and user-independent (e.g., security systems, lab
equipment, servers, baseloads for minimum HVAC operation, especially in winter
months) in order to fully capture the effects of occupancy on electricity usage intensity.
The method we proposed was able to capture user-independent baseloads during
the COVID-19 pandemic ad hoc lockdown period. In the future, we aim to cross
validate those findings by conducting either field visits, questionnaires, or, if possible,
submetering for major plug loads.

e  Cross-validate the proposed method with occupancy data from one or more study
buildings. Proxies for occupancy such as security access badge-in (combined with
badge-out), Wi-Fi information, or CO2 concentration have proven to be useful at
varying degrees of accuracy.

e  Expand the model to include all-season data, not only shoulder season data.
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At the time of writing, the world is in the recovery stage of the COVID-19 pandemic,
where reduced building capacity is taken into consideration as one of the preventative
measures to reduce airborne transmission of diseases. That said, hybrid and partial oc-
cupancy in commercial and government office buildings has become the “new normal”.
Pre-pandemic typical business-as-usual occupancy schedules are about to become business-
as-was-usual. The most challenging roadblocks from a building energy management
viewpoint are: (1) operating the building in the most energy-efficient manner during partial
occupancy; (2) while doing so, maintaining healthy indoor air quality (i.e., improving
ventilation) and comfort settings; and (3) predicting occupancy ahead of time in order to
make energy- and carbon-wise decisions. Future work should investigate zoning options
for large multi-story office buildings, the feasibility of occupant-centric controls, improved
air quality sensors, and methods to quantify the adaptability of existing buildings to such
suggested solutions.
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