











Figure 10: (Left) Atlanta’s seasonal error impact’s moving average.
(Right) Diverse climate zones’ error impact’s moving average for the summer (June).!

understand the key components of both low and high
impact errors. The mean percentage energy use per error,
on the other hand, was comparable across the chosen
citiecs. The mean values ranged from 0.46% in
Albuquerque to 0.53% in Miami, respectively. The mean
of Albuquerque might be influenced, however, by errors
that affected overall energy consumption positively. The
positive effects of some errors, indicated by their
inclusion in the range, is experienced by multiple cities.

Simulation Across Seasons

To understand the temporal properties affecting errors,
the next examination, illustrated in Figure 10 (left), was a
seasonally oriented observation of the hourly impact for
the city of Atlanta. June, September, and December were
used as proxies for the Summer, Fall, and Winter seasons,
respectively. Each dot represents the error impact in kWh
output in that particular hour. The curve is a depiction of
the conducted simulations' moving average. A large
deviation in error impacts was evident between those
months in Atlanta. The average impact for June was
significantly larger than that of December, with an
approximate factor of 4 or larger across the entire day.
The September moving average was the second highest
and followed a similar pattern to that of June, but
experienced a larger distinction between daytime and
night time averages. The average impact of December, on
the other hand, formed a relatively flatter curve, with two
dips in impact at 12 AM and 8 PM. The peaks for the three
months were 0.352 kWh for June, 0.32 kWh for
September, and 0.094 kWh for December. Unlike
September and June, December experienced a second
peak of 0.85 kWh at 7 AM.

A holistic examination of climate zones was further
pursued. The same adopted logic pertaining to the hourly
dots and the moving average were employed from the
previous investigation. The examination depicted in
Figure 10 (right) was performed for June with the same
simulation process for each hour. As a general
observation, all climate zones followed the same pattern.
Buildings were subject to a higher error impact in the day
than at night. Cities located in cooling-dominated
climates like Houston, Atlanta, and Miami tended to have
a higher general profile than those of Albuquerque,
Chicago, and Milwaukee.

Cooling dominated climates also experienced noticeable
deviations between morning and evening values, while
colder climates usually exhibited a smaller distinction
along the day. The city of Albuquerque is the only
exception, having the most significant deviation in diurnal
values. The peak averages of the respective climate zones
occurred in distinct times of the day between 2 PM and 7
PM. Minimum values occurred relatively simultaneously
between 5 AM and 6 AM.

Error Duration

The minimization of error durations was investigated
next. Full scans can be initiated either by human detection
through sensors, or designed as a periodic event. Errors,
in the first case, would remain unchecked until a
subsequent full house scan is conducted. The goal was to
reduce the average span of errors by the strategic
placement of full house sensing system scans. We
assumed a maximum number of two, sensor unprompted,
additional scans per day to lower potential error duration
while ensuring the battery life of the system remains
preserved. The most efficient placement of those scanning
points is accordingly determined for weekdays and
weekends. The full-house scans serve as the ending point
for false positives that occur after occupants leave their
household. As seen in Figures 11 and 12, if scans are
placed significantly later in the day, the average duration
of errors would be excessively long. Alternatively, if
placed prematurely, false positives that occur
immediately after a scan would be left unchecked until
occupants return home.
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Figure 11: Full scan placement alternative 1.
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Figure 12: Full scan placement alternative 2.

In this investigation, errors were randomly placed as the
starting point of an absence period in an occupancy
schedule. This was used to emulate people leaving their
residence without the detection of the sensing system. The
day was divided into 30-minute increments, with each
increment considered as a potential scanning point.

200 simulations were conducted for each of the 48 time
increments and the average error duration calculated. The
strategic placement of the scanning points, as seen in
Figures 13 and 14, had a critical impact on the duration of
errors. The longest error duration corresponded to the
midnight scanning point placement. The average duration
was 178 minutes in the weekday and 158 minutes at the
weekend. The weekend experienced a lower duration of
errors for all scanning points as a result of its general
higher occupancy levels throughout the day. The best
scanning times for the reduction of the average error are
determined to be 8:30 AM and 7:00 PM for the weekdays.
On the other hand, the best scanning times for the
weekend would be situated at 9:30 AM and 6:00 PM.
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Figure 13 - Weekday average error duration for diverse
full scan placements.
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Figure 14 — Weekend average error duration for diverse
full-scan placements

Finally, the relationship between additional daily scans
and the average error duration was examined. The goal
was to explore whether a higher number of scans are
favoured over the longevity of the sensing system battery.
The relationship in Figures 15 and 16 shows that
additional scans decrease the general error durations. The
decrease is, however, not linearly proportional and seems
to fall off with a larger number of additional scans. The
weekday average duration of errors can be reduced from
155 minutes, corresponding to 1, sensor unprompted
additional scan, to 78 minutes in the instance of 10
additional scans. The weekend again displayed a lower
error duration than that of the weekday. The general trend
was similar, however, with the average error duration
falling from 142 minutes to 78 minutes with the
placement of 10 additional scans.
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Figure 15: Weekday average error duration.
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Figure 16: Weekend average error duration.
Results Validation

The validation of the results was performed through a
simulation-based workflow. The probability driven,
occupancy generating model was used to produce 4 new
occupancy schedules as a representative test sample. The
occupancy schedule for a week was assembled and
randomly situated in the year. A total of 5 errors were
embedded in these weekly schedules with each
constituting a 1 hour false positive. Each test sample is
simulated 6 times, corresponding to climate zone cities 1-
6. The results, showcased in Table 1, are subsequently
compared against the findings.

The simulation results are all primarily situated in the
expected ranges for their respective cities. A 10% overall
deviation percentage from the original results can be
expected due to outliers. The only outliers are the second
sample result for Miami and the fourth sample result for
Albuquerque. The deviation of those simulated results
from the originally established ranges, however, is
relatively small. The variance should also be amended by
the scanning time placement and the corresponding
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reduction in projected single hour impact. The ranges do,
however, convey the generally expected performance due
to errors across the year. Future advancements of this
research can find the maxima and minima of error impact
to give context to the established range boundaries.

Table 1: Validation results.

Percentage Impact Sample 1  Sample 2 Sample3 Sample 4
Miami 0.15 to 0.86% (mean 0.53%) 0.64% 0.90% 0.67% 0.61%
Houston -0.08 to 0.82% (mean 0.50%) 0.33% 0.57% 0.50% 0.64%
Atlanta -0.53 t0 0.94% (mean 0.50%) 0.52% 0.76% -0.19% 0.74%
Albuquerque -0.11 to 1.15% (mean 0.51%) 0.08% 1.10% 0.03% 1.19%
Chicago -0.52 to 1.27% (mean 0.46%) -0.01% 0.65% 0.91% 0.06%
Milwaukee -0.55 to 1.00% (mean 0.52%) 0.50% 0.88% -0.11% 0.13%

. .
Discussion

It is important to note that the economic and
environmental viability of integrating sensing systems for
energy regulation is highly dependent on the occupants of
the household. A sensing system has the potential to
conserve more energy in residential units whose
occupants are absent for large portions of the day, rather
than households with stay-at-home parents and a
relatively constant HVAC system usage throughout the
week. This becomes apparent when considering the
primary two modes through which energy can be saved
by the cooling/heating. Either occupants have been
operating the system continuously throughout the day,
even in their absence, or occupants regularly fail to shut
down the HVAC systems when leaving. From a
conservational non-operational energy perspective, the
integration of a sensing system is more advantageous for
small household residences that are subject to long
periods of complete absence and a high frequency of
household state transitions. For future research, a
comprehensive study needs to be undertaken on the
behavioral pattern of individuals towards their HVAC
systems. This would provide insights into how people
regularly operate their own homes. It can also help in the
acquisition of more accurate estimations of the expected
energy savings by the integration of a sensing system.

Annual Investigations

The holistic year-round examination of errors
showcased a significant variance in terms of the simulated
results. The wide shape of the normal distribution and
subsequently, the large range for the percentage energy
use per false positive indicates a significant deviation in
the amount of energy being wasted per error. The cause
of this deviation can be attributed to the time at which the
random occurring false-positive manifested. First, there is
a need to consider the climate at the time of error
occurrence. The examination of the hourly energy being
wasted due to a false positive showed that energy use is
predominately dictated by the environmental context of
the building. More energy was required to regulate an
error occurring at peak noon in the climate of Atlanta in
June, than an error occurring at 8 PM. The outdoor
environmental conditions at noon require the HVAC
systems to consume more energy to regulate the interior
space to the desired conditions. The general June daily
energy use pattern indicates maximum energy use
between 10 AM and 4 PM. The time experiencing peak
energy use coincides with the dip in residential occupancy

due to people ecither being at work or conducting
necessary morning trips. The HVAC systems require
larger amounts of energy to bring the indoor temperature
to the comfort level in a space that has been uninhabited
for an extended period of time, rather than a false positive
occurring immediately upon the departure of inhabitants.
This phenomenon seems to amplify the impact at hours
between 1-4 PM. The integration of scanning systems
should, therefore, include configurations that indicate the
location as a way of optimizing system usage. Given the
location, a sensing system should align itself with the
understanding of errors in both that particular climate and
season of the year to reduce the impact of errors on total
energy consumption.

Impact of Error Duration

The placement of daily additional scans resulted in error
duration reduction. Since HVAC energy consumption in
buildings is proportionally higher in relevance to the
energy consumed by the system to conduct a full scan, a
higher number of daily scans are suggested to constrain
possible error durations to small periods of time. The
optimum placement of the scanning point differed
between weekdays and weekends as a result of the
changing inhabitance patterns. While the results of this
experiment showcase that smaller periods between
consecutive scans result in lower energy use figures, the
highest sensing frequencies might not necessarily provide
the holistically best results in terms of total energy
consumption. The benefits of short intervals between
consecutive scans should be weighed against the amount
of energy consumed for the consequently higher number
of scans performed by any particular system. This can
help designers in adjusting the parameters of these
sensing systems to provide the most efficient results in
terms of overall energy consumption.

False Negatives

Error impact should not only be assessed in terms of
energy consumption but must be analysed through the
lens of compromised occupant comfort. The degree of
deterioration in comfort due to an error will depend on
building characteristics , environmental context and error
duration. A high frequency of false negatives can form
mistrust and contribute to the removal of a sensing
system. Future research should explore system
configurations to help sustain comfort levels in the event
of an error.

Conclusion

People consume energy in buildings either by their
passive presence indoors, which increases mechanical
loads to attain thermal comfort, or by actively engaging
with the building through control of said mechanical
systems, as well as lighting and equipment. It is, therefore,
important for individuals to engage efficiently with their
building to reduce energy consumption through effective
behavior and control of systems. Consequently, a high
performing building aims to also engage with its users by
employing human sensing technologies as a means to
automate occupancy detection to reduce energy
consumption and either turn systems off in their absence,

Proceedings of the 17th IBPSA Conference
Bruges, Belgium, Sept. 1-3, 2021

3558
https://doi.org/10.26868/25222708.2021.30529



INTERNATIONAL
BUILDING
PERFORMANCE
SIMULATION
ASSOCIATION

or change set points and set backs significantly.
Occupancy schedules in BPS play a key role in
representing human presence in buildings and its
corresponding building energy consumption. Critical
developments in sensing technologies over the last decade
make such schedules a candidate for simulation to aid in
testing and calibrating human detection systems in
buildings. However, such emerging technologies may
only have disruptive effects in residential building
markets, specifically, if the system is significantly low in
cost, easily self-commissioned, and requires minimal
maintenance. These stringent constraints make them
susceptible to inaccuracies. Therefore, this paper
developed a stochastic approach to examine the role of
low-cost sensing configurations, like scanning frequency
and seasonal performance, in an integrated way for a
symbiotic relationship between sensing systems and
simulation schedules. The claim, however, remains to be
supported by real-life observational data of average false-
positive frequencies for different sensing technologies.
The mutually beneficial relationship between occupancy
schedules and sensing technologies also needs to be
utilized, where sensing technology can calibrate
occupancy schedules in buildings. Gathered data would
constantly shape the ever-changing nature of human
behavior, and match occupancy schedules that govern
building systems to actual human patterns.
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