








Figure 2: (a) Household types in Switzerland (b) As-
signment of household types on the design alternative
‘B’. Coloured dots indicate household type from sec-
tion (a) in one of the Monte Carlo simulations.

when evaluated with awareness of weather and occu-
pant uncertainty. The results of the simulations are
presented in two sets of plots (Figure 3 and Figure 4).
These plots are meant to demonstrate the application
of robust decision-making to a decision, rather than
present one option as being better than the other for
some specific design brief. Each plot compares sim-
ulations with fixed and random inputs to show the
effect including uncertainty has on decision-making.
The plots also show an evolution and comparison of
compliance from fixed annual metrics to probabilistic
daily metrics. Both plots use (Empirical) Probabil-
ity Distribution Functions (ePDF) to show the dis-
tribution of outputs from several simulations using
different, variable inputs (as described in Table 1).

The output is plotted on the x-axis (e.g., Daily EUI
in Wh/m2/day) in bins (e.g., 0-1, 1-2, . . . ) and the
y-axis represents the proportion of values in each bin.
The y-axis numbers scale with the magnitudes of the
values on the x-axis so the area under the curve is
equal to 1. For example, the y-axis labels in Figure 3
are 10 times those in Figure 4 since the x-axis labels
are 1/10th the magnitude. The PDFs plotted here are
estimated from data, except for subplot (d) in both
figures, which are plots of scaled normal distributions.

Figure 3.a shows that if these two design choices
were to be compared using a typical design rating
method (EUI calculated with typical or fixed inputs)
the choice would be simple: both design options
comply with the code-stipulated upper limit on an-
nual heating demand, but Option B uses more en-
ergy for heating. The two options here were sim-

Table 1: Simulation model inputs. Occupancy, heat-
ing setpoints, and lighting power, equipment power,
and people density were varied for each simulation.

Model Input Description
External Walls,
Roof

U=0.2 W/(m2-K), Metal
frame

Internal walls &
floors

U=0.43 W/(m2-K), Metal
frame

Ground Slab U=0.43 W/(m2-K), Light-
weight concrete

Glazing U=1.3 W/(m2-K), SHGC =
0.5, Double Glazing

Lighting Power
Density

8-9 W/(m2-K)

Equipment Power
Density

9-10.5 W/(m2-K)

People Density 35-70 (m2/person)

Occ. Sched. Variable

Infiltration 0.0003 m3/s per m2 of
façade

Mech. Vent. 0.006-0.01 m3/s-person

Heat Recovery 0.7 (sensible and latent ef-
fectiveness)

Heat pump COP 1

Heating setpoints 20 - 22 oC

ulated with the same code-compliant building enve-
lope, code-recommended inputs regarding occupants
and equipment, and the most prevalent heating sys-
tem type (heat pumps with heat recovery). The EUI
figures are not strikingly different when using one typ-
ical weather file, TMY 2, but the gap between them
widens considerably when using TMY 1. This dif-
ference in results between TMY file 1 and 2 is con-
cerning, and points to the potential sensitivity of re-
sults to weather inputs. That is, if the files were used
singly, without knowledge of the other file, simulating
with one would place the two options very close while
the other would show them well apart. In a realistic
design process, energy use is not the only condition,
so the results from TMY 2 would make energy only
a minor consideration between the two options, but
TMY 1 would make Option B the clear winner.

The plots in Figure 3.a and 3.d show a significant
overlap between Options A and B. The PDF were
drawn using normal distributions scaled and shifted
with the results of simulations using historic/mea-
sured weather data. The distributions of performance
in 3.c and 3.d also show significant overlap – indicat-
ing that the lower end of performance from Option B
is like the higher end of Option A. For several sim-
ulated years, the design options resulted in similar
annual energy use figures, making any differences be-
tween them less significant. A designer, when making
their decision, would have access to historical data
to plot 3.d and could use a synthetic generator to
plot 3.b. This could help inform them that, while
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Figure 3: ePDF of annual total EUI [kWh/m2] for the two design options. The vertical grey line in plots a-d
is an example threshold. [a, d] EUI from typical files (circle and triangle markers) versus measured weather
data from 1981-2016 (a, box plot) and PDF of normal distributions scaled with data from the historical weather
simulations [d]. [b] EUI with random (stochastic) weather files and fixed behaviour (occupancy). [c] EUI from
random weather and random behaviour. [e, f ] Pairwise EUI differences between Options A and B. The ePDF
are drawn from random simulations and the markers represent the difference using typical inputs.

Option B has better performance than Option A in
most cases (as confirmed by 3.e), the differences are
not large. The peak of differences does not cross zero,
and is consistently negative, indicating that Option A
mostly gives lower EUI regardless of the weather ex-
perienced. Additionally, in most weather scenarios,
both designs are code-compliant (energy use is under
the threshold).

The previous results all assumed a fixed occupant
profile. This is not realistic for a multi-tenant build-
ing where occupant diversity is uncontrolled and sev-
eral apartments will change tenancy every few years.
The differences between the options are less clear-
cut when Random behaviour and occupancy are con-
sidered. The random occupant profiles represent
what set points, schedules, and maintenance some un-
known future occupants may prefer . Figure 3.c and
3.f show that simulating with realistic occupant pro-
files changes the outputs significantly: both options
now do not meet the annual threshold and the overlap
has increased considerably. The difference between
the two options (3.f) crosses zero, indicating that
for some occupant profiles, Option A would do bet-
ter. Since the fixed and random occupant profiles are
from different sources, the total impact of the random
profiles increased the heating usage on average. The
shift has approximately the same impact on both de-
sign options (shapes and spreads of outcomes change
in a similar fashion) and makes both options non-
compliant. The randomness of occupant behaviour
results in a marked difference from expected (simu-
lated) energy use, and make the differences between
Options A and B irrelevant.

Figure 4 shows that thresholds over shorter evalua-

tion periods (e.g., days) can provide more enforce-
able compliance criteria and more nuanced decision-
making. For this exercise, the heating season was
set to 242 days and, in the ePDF plots (4.a, 4.b, 4.c),
days with total heating use of 0 Wh/m2 were excluded
since the proportion of these days where no heating
was required in the building was high and skewed the
y-axis. To balance this omission, the absolute number
of non-compliant days is printed on each graph.

The ePDF and figures show that there are a consid-
erable number of non-compliant days, about 20-30%
of the year with fixed occupant profiles, and these fig-
ures do not vary much between the two options. For
example, the range of mean non-compliant days for
option A is 71-101 for option A and 88-114 for option
B. The outcomes for both options contrast with the
annual comparisons in Figure 3, where the options
were comfortably under the threshold with fixed oc-
cupant inputs. A parallel to the change in annual
performance between using fixed and random inputs
seen in Figure 3.c is in 4.c, where the number of non-
compliant days almost doubles from the fixed occu-
pant profiles. The change in compliance with ran-
domised weather is insignificant compared to histori-
cal data, showing that the random synthetic weather
files represent the measured weather data well. The
inclusion of diverse occupant behaviour does change
the compliance percentage significantly.

Figure 4.c, 4.d, and 4.e show the number of compli-
ant days for the two options, compared to the outputs
from typical weather files (markers). Once again, the
results from typical files are both close and apprecia-
bly different from simulations with a realistic variety
of weather and occupant profiles. The implication
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of this series of plots is that while the number of
compliant days from typical weather and occupant
inputs were as high as 80%, realistic random inputs
can drop that down to 10-30%. This is a significant
result because it turns a building that complies with
an annual threshold according to conventional code-
mandated evaluations into one that can, day-to-day,
significantly exceed its energy budgets.

Discussion

Building occupants and operators seek assurances
about expected energy expenses. This is particularly
challenging when it is not possible to meter each in-
dividual user and costs must be divided evenly. An
energy-cost-conscious user may feel vulnerable to un-
certainty due to weather and energy use behaviour
of other occupants in the building. This is especially
relevant for social and low-cost housing, where oc-
cupants may be at higher risk of fuel poverty. While
the criteria proposed in this paper cannot improve the
apportionment of costs in a building without the req-
uisite sub-metering, including uncertainty in design
decisions can potentially lead to more robust designs
where surprises are minimised.

The mismatch between modelled and actual perfor-
mance is sometimes characterised as the performance
gap (Menezes et al., 2012). This gap is important
since differences in predicted and actual energy use
can, over a large sample of buildings, have signifi-
cant impact on decarbonisation efforts and user ac-
ceptance of energy policies. The mismatch can also
reduce user acceptance of energy-efficiency measures,
especially if it results in higher-than-expected en-
ergy bills or worse-than-expected comfort or health
outcomes (Cheshire et al., 2013). In characterizing
this performance gap, however, the effect of the envi-
ronmental and human factors (boundary conditions)
that were unpredictable at the time of design and
construction is confounded with the impact of de-
sign decisions. The natural variation in these factors
(boundary conditions to the performance of a build-
ing) creates a variation in building performance. This
may be confused with the gap in performance due to
poor design choices, improper operation and mainte-
nance, or poor construction.

The risk-based metrics proposed in this paper are
based solely on the probability of exceeding a limit.
These could be further refined for a combined eval-
uation of exceedance and the extent of violation, al-
lowing for better planning based on the impact of
an exceedance. To make design decisions under risk-
based compliance thresholds, commensurate decision-
making methods are needed. For example, using an
Expected Value Metric (EVM) (Wald, 1950) such as
Maximin, a pessimistic or risk-averse decision maker
would base their decisions on the most adverse bound-
ary conditions and choose the design alternative that
delivers the least worst performance. Regret-based

metrics (Savage, 1951) account for the full set of
possible outcomes (compared to EVM) under uncer-
tainty and the design alternative with the least max-
imum regret is considered the fittest under the mini-
max regret decision rule.

Conclusion

This paper proposes refining existing energy compli-
ance codes and standards with probabilistic or risk-
based criteria. While probabilistic outcomes can be
difficult to communicate in practice, the compliance
criteria described in this work are realistic and en-
forceable. An expectation of deterministic results has
been built into existing building evaluation and de-
sign methods. However, linking these new metrics to
intuitive quantities such as daily energy spend and re-
wards/penalties could improve compliance, and make
the metrics accessible and understandable.

Code requirements that include post-occupancy com-
pliance monitoring could be formulated as a climate
zone- and building type-based threshold that can-
not be exceed more than some predetermined frac-
tion of time since occupancy. A further adjustment
to the threshold could be done by accounting for lo-
cal weather during each time interval of compliance
check. While this does not help with overall grid de-
carbonisation objectives – a unit of energy consumed
in ‘unusual’ weather or ‘usual’ weather was still con-
sumed – it acknowledges the basic dependence of en-
ergy use on external conditions, and the limited abil-
ity of buildings to mitigate this sensitivity.

Newer iterations of popular green building certifica-
tions require measured performance data to maintain
certification, e.g., LEED v4.1, RESET Air. Bench-
marks may evolve to acknowledge that energy per-
formance is variable over the lifetime of a building.
That is, while a building that may be compliant un-
der a fixed set of conditions when it was designed or
constructed, but that the environmental conditions
under which it operates may enhance or hinder its
energy performance. This increases the justification
for designers to make design decisions while account-
ing for uncertainty in performance.

Net-zero energy performance design goals often in-
clude an upper limit on renewable energy genera-
tion/supply. Achieving net-zero without drastic im-
balances in demand and supply across time requires
resilience and flexibility on both the demand and sup-
ply sides. When working with such a constraint,
understanding the type of occupants and their en-
ergy usage patterns is imperative in designing sys-
tems robust to dynamic, variable, occupant-driven
demand. Similarly, quantifying the potential variabil-
ity in weather-driven demand and renewable genera-
tion in a changing climate contributes to improved
project robustness.
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Figure 4: ePDF of daily EUI [Wh/m2] for the two design options, compared to a compliance threshold [top row,
a-c]. The figures in the boxes are the mean ± standard deviation of the number of days in a year with heating
energy use greater than the threshold, over all simulated years. Plots in the bottom row show the distribution
of percentage of days in a year when heating demand is below the threshold. Results from typical files overlap
and are plotted as singe point markers. [a, d] PDF of historical (1981-2016) performance against the threshold
(a) and of normal distributions with the mean and standard deviation estimated from the historical weather
simulations (d). [b, e] EUI with random (stochastic) weather files and fixed behaviour / usage patterns. [c, f ]
EUI from random weather and random behaviour.
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