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ABSTRACT

The European Parliament have set a target of at least a 32.5 % im-
provement in energy efficiency by 2030. In the EU residential sector,
heating and cooling account for half of the energy usage alone,
hence there is a need to make homes more thermally efficient. How-
ever, there are currently a lack of tools to evaluate the thermal
efficiency of homes at scale as previous methods have been intru-
sive, costly, or inaccurate. More recent approaches have shown that
the thermal efficiency of homes can be inferred with non-intrusive
methods using only smart-meter and weather data. However, to
deploy such algorithms at scale, steps must be taken to quantify in
which scenarios it works, and to account for the uncertainty of the
inferred thermal efficiency. To address this, we propose QUILT, a
non-intrusive, data-driven framework to quantify the thermal effi-
ciency of a home, grounded in physical models of heat flow, which
works with heating and cooling systems. A Bayesian model is used
to account for the uncertainty associated with data sources and
parameters in the thermal model. QUILT is evaluated on real data
to demonstrate its feasibility in real world scenarios, and also on
simulated data used by the U.S. Department of Energy to evaluate
the performance in scenarios not currently captured in real-world
datasets. Our experiments quantify the improvements compared
to the current state-of-the-art approach by reducing the mean ab-
solute percentage error from 21.6 % to 15.6 % when inferring the
heating power loss coefficient (HPLC), which defines how efficiently
a building maintains a heated state given the external temperature.
Furthermore, the term cooling power loss coefficient (CPLC) is
introduced which is the equivalent to HPLC when the building is
in a cooled state, and the feasibility of inferring this metric with
QUILT is shown. The analysis also highlights the importance of
identifying when the heating is on, and how the HPLC or CPLC
can be inferred within a week if the occupants are on holiday given
the right weather conditions.
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1 INTRODUCTION

The European Commission has stated that heating and cooling
accounts for half of the residential energy consumption of the EU,
and approximately 75 % of this is generated by fossil fuel [9]. The
European Parliament has set a target of at least a 32.5 % improve-
ment in energy efficiency by 2030 [8]. Hence, reducing the amount
of energy required to heat and cool homes will play a significant
role in preventing climate change [18-20]. Furthermore, whilst
reducing the global carbon footprint, understanding the energy
efficiency of individual buildings can help identify how building
inefficiency can amplify energy inequality and address preventable
fuel poverty caused by poorly insulated buildings and inefficient
heating systems. Hence, developing a scalable method to accurately
quantify the thermal efficiency of homes is fundamental to under-
stand where the most impactful energy reducing interventions can
be made.

The thermal properties of a home can be directly measured with
intrusive tests; for instance, the co-heating test is one of the most
accurate methods to infer the heating loss coefficient (HLC), which
is the power required to maintain a fixed internal temperature given
the external temperature [1, 33, 34]. To improve performance and
reduce test duration, the P-STAR and the ISABELE methods have
been proposed [36, 37]. However, these tests are expensive and
require a home to be vacated for up to a week [7, 10]. Alternative
approaches to evaluate thermal efficiency have been proposed, such
as the QUB method, which infers the U-values, a measure of the
thermal transmittance through a surface, of the building elements
[26]. However, U-values have been shown to not translate to the
actual thermal efficiency of a home [24]. A recent approach deploys
a wireless sensor kit to estimate the thermal efficiency of a home
in-situ [13]. Since these tests are typically expensive and intrusive,
surveys of the features of a home are conducted to evaluate thermal
efficiency, however these are often inaccurate [22, 38].

Due to the increasing availability of data from in-home devices,
a number of methods have been developed to infer the thermal
efficiency of a home non-intrusively, as initially proposed by PRISM
[12]. The Deconstruct method uses daily energy usage and weather
data to find the heating power loss coefficient (HPLC), a metric that
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measures how much power needs to be supplied to the heating
system in order to maintain the internal temperature, given the
external one [5]. Using similar inputs, a smooth maximum function
can identify the transition from weather-dependent to weather-
independent heat consumption, and infer the HLC [30]. However,
using daily data limits the amount of information that can be learned
about the house and requires assumptions, such as for how long the
heating is on, which can result in overall inaccuracy. Addressing
these limitations, SMITE uses half-hourly or hourly data to identify
when the heating is on and thus exploits heating periods to infer
HPLC, leading to accuracy improvements [3]. Alternative data-
driven approaches use internal temperature monitors to collect
10-minute data through nights and use an auto-regressive model
to learn the thermal characteristics of a building, however they are
not currently widely deployed [31].

Unfortunately, theoretical measurements of thermal efficiency
can fail to reflect real-world performance, and the above methods do
not quantify when they fail [23]. To address this, a Bayesian frame-
work can be used to capture the uncertainty from the model and
the data sources of the inferred thermal efficiency, as the WattScale
approach demonstrates [21]. Bayesian models have also been used
for heating disaggregation, namely to identify how much energy
is used for heating [6]. However, whilst this captures model un-
certainty, there may be scenarios where the model fails to infer
thermal efficiency accurately, which need to be identified.

In this work we propose QUILT, a non-intrusive, data-driven
framework to quantify the thermal efficiency of a home, grounded
in physical models of how heat flows through a building. A Bayesian
model of the heat flows in a building is used to infer loss coefficients
(such as the HPLC), and to account for the uncertainty associated
with data sources and parameters in the thermal model, and known
distributions of parameters can be used as priors to inform the
model. The model can also be adapted when a cooling system is
used, and can infer the cooling power loss coefficient (CPLC), which
is a cooling equivalent of HPLC. This allows the approach to be de-
ployed in more thermal setups and weather locations. Furthermore,
QUILT is implemented in a number of scenarios, which allows us
to evaluate the validity of inferring the loss coefficients in common
situations, such as when the home is vacated for a holiday, and
identify which features cause significant improvements in accuracy
when inferring such coefficients.

We evaluate QUILT on real data from the solid wall insulation
field trial conducted by the UK Energy Saving Trust [2, 28, 29, 35].
This is a set of seven real households with recorded smart-meter
readings and the HLC values calculated by co-heating tests, which
allows us to validate the algorithm in the real world. QUILT is non-
intrusive, works with existing hardware with half-hourly data, and
shows a reduction of the obtained absolute percentage error by 27 %
when compared to the current state-of-the-art for inferring the
HPLC in buildings with electric heating, reducing the mean absolute
percentage error from 21.3 % to 15.6 %. Also, by using Bayesian
inference, priors can be used to inform the model, and uncertainty of
data sources and parameter contribute to the improved the accuracy.

Furthermore, simulated data is generated with EnergyPlus using
templates from the U.S. Department of Energy’s Building Energy
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Codes Program! to create a broader range of scenarios to test QUILT
beyond the limited real-world data. In particular, as there are no
actual labelled CPLC datasets, the simulated data can be used to
validate the feasibility of inferring the CPLC. The experiments
across different scenarios highlight a number of key findings, in
particular: 1) the importance of only using the data-points when the
heating or cooling system is on; 2) holidays provide periods of low-
noise data which allow for the HPLC or CPLC to be inferred with
a week of data in the right external conditions; and 3) as heating
is such a significant source of energy use, energy disaggregation
does not have a particularly large effect on accuracy when inferring
HPLC or CPLC. By combining improved accuracy with knowledge
of when the approach works and fails, whilst being non-intrusive
and cheap to deploy, QUILT is a step towards an effective and
general method that can be deployed in the real world.

The rest of the paper is formatted as follows. Section 2 introduces
the thermal model, and Section 3 extends it to introduce the priors
of the parameters in the model, and the modelling choices that
can be made. In Section 4 the algorithm used to infer the posterior
parameter values is outlined. Section 5 outlines the data that the
experiments are performed on and Section 6 outlines the exper-
imental set-up and results. Finally, Section 7 presents actionable
insights, before the concluding remarks in Section 8.

2 THERMAL MODELS

The thermal performance of a building can be characterised by
the heating loss coefficient, HLC [W/K], a metric representing how
much heat energy is transferred through the material of the building
given the difference between the internal and external temperatures.
However, the actual heat energy in a house is not recorded, so it
can be difficult to infer the HLC. Instead, the closest recorded proxy
to the heat energy is the energy supplied to the heating system,
which is measured by smart meters. Hence, instead of inferring the
HLC we focus on inferring the heating power loss coefficient, HPLC
[W/K], the HLC scaled by the efficiency of the heating system, and
use the HPLC to characterise the steady-state thermal performance.
Furthermore, the cooling power loss coefficient, CPLC [W/K],
is introduced, which is the equivalent of the HPLC but for cooling
systems. It is the HLC, scaled by the efficiency of the cooling system.
To infer the HPLC and CPLC, a thermal model of the home needs
to be constructed which accounts for the heat flows of the home.

2.1 Heat Flows

There are a number of sources of heat flow that need to be con-
sidered: the flow of heat into the building from heating systems,
Qh, the heat flow through the fabric of the building, Qy,, the heat
flow from weather, Q, the heat flow from occupants, Q,, and the
heat flow from other power sources, Qp have all been considered
in previous models [3, 5]. In this model we also include two more
terms to make assumptions in the model explicit. There is a term
to account for when the building is not in thermal equilibrium and
there is a net heat flow into or out of the building from the previous
time-step, Qay, this is typically implicitly assumed in other models.
Finally, there is a noise term, 0Q, to account for unmeasured sources
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of heat transfer, such as via ventilation due to open windows. The
heat flow terms are expressed as follows:

On =Qfa+Qwe+ Qo+ Qp+0nr+0p. (1)

Through the fabric of the building heat flows with respect to the

difference between internal and external temperature. The factor

by which heat flows in and out given the difference in temperature
is the heat loss coefficient (HLC),

Qfa = HLC (Tin, — Tout,)- ()
For the thermal contribution of weather we only consider the
contribution from solar irradiance, I;,;[W/m?] incident on the ef-
fective aperture of the house A,,;[m?], as this is shown to have
the biggest impact. Other weather terms have been shown to have
an impact although it requires localised and high-frequency data
to infer their heat flow contribution, which is not feasible at scale
[4, 16]. Hence these contributions are absorbed into the noise term,
a0, and the heat flow from the weather factors is represented as,

Qwe = Asollsolt . (3)
There is thermal contribution emitted from humans in the build-
ing, where each occupant, Ny, typically contributes nocc[W],

Qo = NoceNoce- (4)
The final term considered is that a proportion, 7, of power
supplied to other appliances, P, [W], will convert to heat,

Qp = npPp- )
Previous models have failed to explicitly consider that the build-
ing may not be in thermal equilibrium and assumed that the internal
temperature is fixed due to the heating being on [3, 5]. If the pre-
vious time-step has a net flow of heat in or out then this needs to
be represented in the heat flow equation. This is represented by a
function of the internal temperature at the current and previous
time-step, and the thermal mass, Mr, of the building,

Qnt = f(Tin,s Tin,_y» Mr). (6)

To get a state where the thermal properties of the building can

be inferred, a state of thermal equilibrium is required. This means

a heating or cooling system must be active to ensure the internal

temperature is kept at a constant value. If this state is achieved,
Qar = 0 and it can be removed from the equation.

2.2 Heating Model

The heat flow into the building from the heating system is given
as the power supplied to the heating system, Py, scaled by the
efficiency of the heating system, 7y,

Qn = 1nPp- ™
Hence, the thermal equilibrium heat flow model is expressed as:

Uhpht =HLC (Tin, - Tautt) + Uachocc, + prbt

(8)
+ Asol,Isol, + f(Tint: ’Tint—v Mr) + aQ-
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However, if the efficiency of the heating system is unknown
this creates a scenario where each factor might be out by a scaling
amount. To address this, we can divide through by the heating
efficiency, n,, and instead learn the ratio of each unknown variable
to the heating efficiency. As previously defined, this gives us the
HPLC instead,

Ph, = HPLC (Tin, - Toutt) + ﬁochocct + ﬁbpbt ( )
R N 9
+ Asol[Isol, + f(Tin,> Tin,_y» M) + 0Q-

2.3 Cooling Model

Similarly, if the external temperature is greater than the internal
temperature, the flow of energy to cool the building from the cooling
system is given as the power supplied to the cooling system, P,
scaled by the efficiency of the cooling system, 7,

Qc = ncPe. (10)
Then to construct the thermal equilibrium heat flow model from
Equation (1), Qy, is replaced with Q. to represent the cooling situ-
ation we are now in. Then the equation is similar to Equation (8),
except the flow of heat due to the difference in internal and external
temperature is inwards rather than outwards, causing the sign to
change so we have (Toyt, — Tin,) instead of (Tin, — Tout,) also the
signs of the other terms are turned negative as the energy provided
by the cooling system is now being used to cool rather than heat,

nePe, = HLC (Toutt - Tin[) — NoccNoce, — ’7be;
- Asol,Isol, - f(Tints Tint—l’MT) —0Q.
Similar to the scenario with heating, the terms are re-scaled
by the efficiency of the cooling system, 7., and the ratio of each

variable is instead learned, this gives us a scenario where the CPLC
can be inferred,

(11)

Pct =CPLC (Tout, - Tin,) + ﬁochoccz - ﬁbpb,
_Asol,Isolt _f(nn,,nn,,l,MT) - &Q'

3 BAYESIAN THERMAL MODEL

The theoretical model of the heat flow is constructed, as in Equation
(9) for heating, and cooling in Equation (12). However, in practice
some terms are not fully observed and may have to be inferred,
which introduces sources of uncertainty and inaccuracy. As such,
the model needs to reflect the practicalities of gathering the data
required to infer the HPLC or CPLC and the uncertainty and inac-
curacy in different scenarios needs to be quantified. It is assumed
that all parameters are independently distributed.

(12)

3.1 Fixed Internal Temperature

When the heating is on and it is sufficiently cold outside, it is
reasonable to assume that there is a significant difference between
the internal temperature T;,, and the external temperature Toyy,,
such that the heat flow through the fabric of the building, Q.
is large relative to all other terms, except for the heat flow from
the heating system. This provides a scenario where it is easier to
infer the HPLC. Furthermore, when the heating is on the internal
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temperature is relatively fixed, and the net heat flow into or out of
the building from the previous time-step, Qar, can be absorbed into
the noise term, og. To demonstrate the importance of exclusively
considering heating-on periods, Figure 1 shows how taking daily
data leads to a gradient (which represents the HPLC) that is different
to the ground truth, whereas hourly data is noisy and splits into
different usage modes.

Hence, there are two ways in which modelling error can occur for
the internal temperature, T;j, errors in detecting when the heating
is on, and errors in identifying the temperature that the thermostat
is set to. If a smart thermostat is installed in the home, the internal
temperature can be directly observed, ¢, with a small measurement
noise. A smart thermostat would also provide a clear indication
of when the heating is on. However, if a smart thermostat is not
present, the internal temperature must be inferred and a model must
be used to infer when the heating is on. A uniform distribution
across expected thermostat temperatures can be used as a prior for
the internal temperature, and it can be assumed that this value will
be the same for all heating periods, thus in summary
N (tin,0.5) if tj;; observed, .
" U(19,23)  otherwise. (13)

3.2 External Temperature and Weather

With regards to the external temperature, it is assumed that it is
known and the only uncertainty required to account for is the dis-
crepancy between the temperature recording at the nearest weather
station, tyy, and the home,

Tout ~ N(touta O~5)~ (14)

Similarly, it can be assumed that that solar irradiance is observed
with a small amount of measurement uncertainty due to discrep-
ancy between weather station recordings of solar irradiance,is,;,
and the solar irradiance incident on the house. A gamma distribu-
tion is used to represent this to avoid negative values as follows,

Isor ~ gamma(p = igop, 0 = 10). (15)

The contribution of heat flow from solar irradiance is how much
is incident on the aperture of the home. The solar aperture for a
building can not be larger than the size of the sun-facing walls,
however it also depends on the wall material, size of windows, and
the structure of the building, hence the prior has a large amount of
uncertainty [11, 25]. A gamma distribution is also used to represent
this to avoid negative values,

Agpl ~ gammal(y = 10,0 = 10). (16)

3.3 Power

If there is separate metering for heating and cooling power, then
they are observed as py, or p., respectively, alongside the power
used for other appliances, pj,, and only measurement noise needs
to be considered. However, if this is not the case, they need to
be disaggregated and inferred as py, or p., and pp. The errors in
the disaggregation process can propagate through and effect the
inferred value of the HPLC,
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N (pn, 0p,) if pp, observed, 17)
N (pp,03,) otherwise.

P, ~ N(lfc’ op.) if pe ob‘served, (18)
N(pc.0p.) otherwise.

Py ~ N(;Zb, op,) ifpy ob.served, (19)
N(pp,0p,) otherwise.

Where the prior over the variance is given as,

opy ~ IN(0,500)], 55, ~ [N(0,1000)],
0pe ~ IN(0,500)], 05 ~ [N (0,1000)], (20)
ap, ~ IN(0,500)], 05, ~ [N(0,1000)] .

3.4 HPLC & CPLC

The HPLC and CPLC are unobserved parameters that must be
inferred to identify how thermally efficient the home is. The prior
for the HPLC is based on the distribution of HPLC values from a
previous study of 541 homes [5]. However, the CPLC is a newly
introduced term so we base the prior on the fact that the buildings
will have the same properties, however cooling systems are typically
more efficient,

HPLC ~ N(HPLCy, HPLC;),

HPLCy, ~ N(400,200), HPLCo ~ |N(0,300)] . 1)

CPLC ~ N(CPLC,, CPLC),

22
CPLCy ~ N(350,200), CPLCy ~ [N (0,300)]. (22)

Finally, to account for uncertainty in the model there is a general
noise term,

oo ~ N(0,300). (23)

4 ALGORITHM

To infer the HPLC or CPLC, filters are applied to identify data-points
where the thermal contributions from hard-to-model terms are
small, and then Bayesian inference is performed on the probabilistic
model constructed in Section 3 to find the posterior distributions
of the HPLC or CPLC.

4.1 Data Selection

If there is enough data it is possible to remove the data-points where
there are high contributions from difficult to model sources of heat
flow [3, 5]. If the solar irradiance is large, it can create a source of
uncertainty as the linear model used can fail to capture the true
dynamics of how it converts to heat energy, hence data-points with
solar irradiance over 50 W/m? can be removed [15]. Furthermore,
if the external temperature is too low the difference between the
internal and external temperature can be too small to infer the
HPLC, and the heating will typically not be on, hence data-points
with external temperatures below 15°C can be removed. Also, if
the external temperature is too cold the heating system may run
at maximum capacity without maintaining thermal equilibrium,
hence external temperatures below 0°C are filtered out.
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Figure 1: The data used to infer the ground truth is presented alongside the daily average energy usage, hourly energy usage
and the average energy usage of each heating period. The daily data has little variance as the energy usage is averaged across
the day, however the gradient does not accurately reflect the HPLC as it is influenced by the duration that the heating is on.
The hourly data is noisy due to variance of energy usage between hours and different modes of energy usage (heating off,
heating on and stable internal temperature, and heating up the building from a colder state). Using the average energy usage
for each heating period ensures that the correct data is collected for inferring the HPLC.

Scenario hardware Observed Unobserved
Daily data smart-meter (daily readings) Touts Lors Pail HPLC, Tin, Asol> b
Hourly data smart-meter Tout> Isor Panl HPLC, Tin, Asor> M
Week holiday data smart-meter Tout> Isol» Pn» Pp Tin HPLC, Ago1, 11
Filtered hourly data smart-meter Touts Lors Pail HPLC, Tin, Asol> b

Heating-on data
averaged filtered heating period data
averaged filtered heating period data &
heating energy known

smart-meter, smart-thermostat

smart-meter, smart-thermostat

smart-meter, smart-thermostat,
energy disaggregation

Tin HPLC, Agop, 1p
Py, Py, Tin HPLC, Agp, 1p

Tout> Isol’ Pall
Tout, Isol> Pall

Tout> Isor> Paits Tin Py, Py HPLC, Agop. M

Table 1: The scenarios of data procurement created with the EnergyPlus simulator, and the corresponding variables which are
observed or unobserved in the thermal models presented in Equation (9) and Equation (12).

The reverse arguments can be made with regards to external
temperature for the CPLC. If the external temperature is too low
the difference between the internal and external temperature will
not be large enough, hence data-points with an external tempera-
ture below 25°C are filtered out. And if the external temperature is
too high, the cooling system may run at maximum capacity with-
out maintaining thermal equilibrium, hence external temperatures
above 35°C are filtered out. As high external temperature is corre-
lated with high solar irradiance, this typically relies on the cooling
system running at night and occasional days when there is high
external temperature and low solar irradiance.

4.2 Inference

Bayesian inference is used to find the posterior distribution of the
parameters in Equation (9) for heating, and in Equation (12) for
cooling. The prior distributions for the parameters and the data
source measurement uncertainty are introduced in Section 3, and
they are used to inform the posterior distributions alongside the
data observed in each scenario, which is outlined in Table 1. To
generate the posterior distribution of the unknown variables, in
particular the HPLC and CPLC, a Hamiltonian Monte Carlo (HMC)
algorithm is used to propose samples that are distributed according

to the target distribution, where the samples are generated using
the No-U-Turn Sampler (NUTS) to improve the efficiency of the
HMC [14]. The construction of the Bayesian model is outlined in
Algorithm 1, and it has been implemented using PyMC3 [32].

5 DATASET

Two datasets are used to evaluate the performance of QUILT in dif-
ferent situations. The first dataset used is a selection of houses from
the solid wall insulation field trial conducted by the UK Energy Sav-
ing Trust [2, 28, 29, 35]. For each home in the dataset, the HLC was
measured and half-hourly electricity and gas meter readings were
provided for a year with the house in normal use. Unfortunately,
the HPLC can not be inferred as the heating system efficiency is not
provided, hence for these experiments the results will be compared
on HLC with an assumed thermal efficiency of 0.84. Also, there
are no cooling systems installed, so there is no CPLC to infer. The
weather data of each house is available from the nearest weather
station provided by the Met Office [27].

5.1 Simulated Data

To identify the scenarios in which the HPLC or CPLC can be ac-
curately inferred, the EnergyPlus simulator is used to generate a
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Algorithm 1: Inferring HPLC with QUILT. The CPLC can
be inferred with minor adjustments to align the algorithm
with Equation (12)
input:tour, isor, (Ph Pb) V (Phs Po)), optional: tip
Tout ~ N(tout,o-s)
Iior ~ gamma(p = igop, 0 = 10)
HPLC,, ~ N (400,200), HPLC, ~ [N (0,300)]
HPLC ~ N(HPLC,, HPLCy)
Agor ~ gamma(y = 10,0 = 10)
oo ~ IN(0,500)]
if t;, observed then
| Tin ~ N (tin,0.5,Observed = tjp)
else
| Tin ~ U(19,23)
end

if py, observed then

Ph, ~ IN(0,50)], pp,, ~ IN(0,50)]
Py ~ N(pn ph,)

Py ~ N(pp. pb,)

else

Ph, ~ IN(0,200)], pp, ~ IN(0,200)]
Py ~ N (b ph,)

Py ~ N (pp. pb,)

end

H « Pp, = (HPLC(Tin — Tout) + Asotlsor + b Pp)
N (H, og, Observed = 0)

Sample()

number of different energy usage scenarios on a set of buildings.
By using the EnergyPlus simulator, it enables the evaluation of
the performance of QUILT in scenarios where no real world data
exists, and provides exploratory results which may be beneficial in
targeting future data collection efforts.

The simulated data is created using the residential prototype
building models produced by the Pacific Northwest National Labo-
ratory (PNNL) which is used for the U.S. Department of Energy’s
Building Energy Codes Program?. The simulations are run in a va-
riety of climate settings and energy usage scenarios to evaluate the
performance of QUILT and benchmark methods to identify when
the algorithm can reliably infer the HPLC or CPLC. By simulating
different energy usage scenarios on the same set of buildings it
allows for direct comparisons to be made.

The scenarios that are simulated are presented in Table 1, they
are selected to represent different set-ups of data collection which
are possible with different hardware to identify what data is re-
quired to accurately infer HPLC and CPLC. This paper assumes
the use of hardware to acquire the heating-on periods and energy
disaggregation however research has shown this can be acquired
non-intrusively from smart-meter data.

The datasets selected validate the performance of the algorithm
on real data and show the potential of it working on a broader range
of scenarios with the simulated data. However there is a huge need
for publicly available, large-scale datasets of thermal efficiency in

Zhttps://www.energycodes.gov/development/residential/iecc_models
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homes as better understanding of building thermal efficiency can
lead to significant reductions in global energy usage.

6 EXPERIMENTS

The experiments demonstrate that QUILT outperforms the current
state-of-the-art approaches. Furthermore, the experiments identify
the data and models required for the HPLC and CPLC to be accu-
rately inferred. The experiments are implemented on both the real,
and simulated data described in Section 5.

6.1 Experimental Setup

For the seven real houses, the HLC values are known and the uncer-
tainty is inferred from the known accuracy of co-heating tests. On
the simulated dataset, the HPLC and CPLC are inferred with a sce-
nario that is set up to replicate a co-heating test and the uncertainty
in this process is quantified. Then the EnergyPlus simulations are
run a number of times to create the scenarios outlined in Table 1
for each building in each climate. In each scenario, unless specified
otherwise, the schedules of energy usage within the house and
occupancy follow the guidelines of the PNNL prototype residen-
tial buildings. For the real houses the results are taken from the
SMITE paper as it is performed on the same dataset [3], and for the
simulated data both methods are re-implemented.

6.2 Evaluation Metrics

To reflect the broad range of applications that QUILT can be used
for, a number of evaluation metrics are used. The mean absolute
percentage error (MAPE) is used to calculate the absolute error as
a percentage of the true HPLC or CPLC value, which is given by,

ol Hf?lz - H;)’;)ed
MAPE = — Z _rear predy

Whilst the MAPE does not account for uncertainty it is a good
benchmark for how accurate the algorithm is when the most likely
predicted value is selected, which may be how it is used in practise.
To evaluate how the uncertainty in the predictions are capturing
the true value, we use the Z-score, to measure how many standard
deviation (o) away the predicted HPLC or CPLC is from the true
HPLC or CPLC,

Hpred — Hyeal

Z-score =
O—Hpred

6.3 Evaluation

QUILT shows improvement in performance compared to the pre-
vious state-of-the-art approach, SMITE, in the real world settings,
with an overview of the inferred HLC values by all methods avail-
able in Table 2. The evaluation metrics are presented in Table 3,
where most significantly the MAPE for the inferred HLC compared
to the co-heating test is reduced from 21.3 % to 15.6 % in the setting
with the combined gas and electricity smart-meter readings, used
to represent a scenario with electric heating. There was also a mar-
ginal improvement from 12.0 % for the SMITE approach to 11.5%
by QUILT with only gas-meter readings.
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Gas meter readings

Gas and electric combined
meter readings

Co-heating Deconstruct SMITE QUILT Deconstruct SMITE QUILT

HLC [W/K] u o [ o u o [ o [ o i o i o
house 1 304 10.1 | 252 28.0 264 454 246 284 | 271 41.1 186 435 159 29.1
house 2 223 63 | 244 146 248 312 212 20.7 | 258 14.7 235 342 179 249
house 3 198 11.7 | 501 33.8 177 59.7 220 32.8 | 517 35.4 195 649 170 424
house 4 351 6.3 436 40.2 387 42.6 299 23.7 | 433 63.8 524 47.2 373 325
house 5 214 7.1 | 235 308 211 451 215 28.6 302 379 239 714 196 42.1
house 6 189 7.4 209 37.8 148 51.2 188 29.7 | 205 40.5 218 709 175 415
house 7 189 6.6 195 31.0 219 642 244 33.2 | 206 32.3 240 90.1 208 54.9

Table 2: The HLC values inferred via Deconstruct, SMITE and QUILT for the seven real households alongside the ground-truth

HLC inferred via a co-heating test.

Gas meter readings

Gas and electric combined
meter readings

Deconstruct SMITE QUILT Deconstruct SMITE QUILT
% Diff Z-score % Diff Z-score % Diff Z-score | % Diff Z-score % Diff Z-score % Diff Z-score
house 1 -17.1 -1.86 -13.4 -0.90 -19.3 -2.07 -11.0 -0.81 -38.9 -2.72 -47.7 -4.96
house 2 9.4 1.44 11.4 0.81 -5.0 -0.54 15.6 2.38 5.5 0.36 -18.7 -1.68
house 3 53.0 8.97 -10.5 -0.35 11.0 0.66 160.8 9.00 -1.7 -0.05 -11.8 -0.56
house 4 24.3 2.12 10.2 0.84 -14.8 -2.20 23.2 1.28 49.2 3.66 6.2 0.71
house 5 10.0 0.69 -1.3 -0.06 0.1 0.05 414 2.34 11.6 0.35 -4.7 -0.22
house 6 10.9 0.55 -21.7 -0.80 -0.1 -0.04 9.0 0.42 15.5 0.41 -9.8 -0.41
house 7 3.2 0.20 15.7 0.46 29.0 1.66 8.8 0.52 26.8 0.56 10.3 0.37
Average 27.7 1.73 -1.3 0.00 0.00 -0.35 35.4 2.16 9.7 0.37 -10.9 -0.96
Averageof ., 0 .26 120 060 115 103 | 389 239 213 115 156 127
absolute values

Table 3: The percentage difference and Z-score between the inferred HLC values and the ground truth values. The metrics indi-
cate an improvement in performance by QUILT, particularly in the setting with gas and electricity meter readings combined.

MAPE (%)
Data collection & model HPLC | CPLC
SMITE  18.7 -
Daily data  46.7 -
Hourly data  42.0 -
Filtered hourly data  42.0 -
Heating on data  64.5 -
Averaged filtered heating period data  15.8 | 18.9
Averaged filtered heating period data & heating energy known 15.6 | 17.4
Week holiday data (all)  24.9 30.3
Week holiday data (=100 data-points) 13.1 | 16.1

Table 4: The MAPE of the inferred HPLC and CPLC in different scenarios from the simulated dataset.

A significant change between SMITE and QUILT is the use of a
Bayesian model to allow for prior knowledge to inform the inferred
HLC value, and to more accurately account for additional terms in
the thermal model. This is demonstrated in Figure 2 which shows
the HLC inferred by both methods for House 4 from the real dataset.
Here the HLC is more accurately inferred by QUILT than SMITE,
as the new approach accounts for terms beyond the energy usage

and the external temperature mean. Furthermore, the usage of a
Bayesian approach means that the prior knowledge of how the
HLC values are distributed can inform the inferred HPLC for each
house. Figure 2 also shows that there is a marginal correction when
solar irradiance is accounted for, as it is worth remembering in the
filtering process that data points with >50 W/m? of solar irradiance
are removed, hence a small correction is expected.
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Inferred HLC via different methods for house 4
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Figure 2: How the HLC inferred by SMITE and QUILT relates
to the data. Notice that there is only a marginal shift due to
the solar irradiance, mainly due to the larger values of solar
irradiance being filtered out, and that the prior information
helps inform QUILT to better match the true HLC.

In order to compare the accuracy of the inferred HPLC in differ-
ent scenarios with different algorithms, the EnergyPlus simulator
is used to create 60 building scenarios, and the MAPE of the HPLC
and CPLC is calculated under different data collection techniques
and with different models. The experiments demonstrate the impor-
tance of the different steps taken when inferring HPLC and CPLC,
and highlight how it is more accurate than the existing state-of-
the-art SMITE in a broad range of simulated settings. Across all
houses QUILT shows a reduction in MAPE to 15.6 %, compared to
SMITE which achieves a MAPE of 18.7 %. When inferring the CPLC,
there was instead a slightly larger MAPE. This was expected, as
with a cooling system there are terms in the thermal equilibrium
model that are hard to model, e.g. the higher solar irradiance and
the presence of open windows. This leads to less data collected, or
noisier data-points. Beyond the improved accuracy, the simulated
data experiments also allow for a number of scenarios to be tested
to identify where QUILT works. The MAPE for the inferred HPLC
and CPLC in these different scenarios are presented in Table 4.

6.3.1 Filtering, Clustering and Disaggregation. To identify what
data is required and which models need to be used to accurately
infer the HPLC, the MAPE in a number of different simulated sce-
narios are compared. As a starting point, when hourly energy usage
data is used with no filters, the MAPE is 70.6 %, which is unsurpris-
ing as steps need to be taken to get the correct data. When filters
are applied to only take data-points when the external temperature
is low enough that the heating could feasibly be on, and the solar
irradiance is small such that it doesn’t have a significant impact on
the thermal energy in the building,the MAPE decreases to 46.4 %,
this is however still inaccurate and not useful in practise.

As a next step, only using hourly data when the heating is de-
tected to be on gives a worse MAPE of 68.6 %. This counter-intuitive
result is caused by the fact that when the heating is first on, the
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MAPE of predicted HPLC given the number of holiday datapeints
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Figure 3: A random week from winter is selected as the
holiday period for each house. The average MAPE is 24.9%
across all houses. However, when there are over 100 data-
points the MAPE is 13.1% which is the more accurate than
all other scenarios. This shows that inferring the HPLC is
viable for periods when the homeowner is on holiday if the
external conditions allow for enough valid data-points.

building is not in thermal equilibrium and excess energy is required
to heat up the building before it reaches thermal equilibrium. This
can be seen in how the data splits into 3 modes below 15°C in the
plot of hourly data in Figure 1. Hence, the reason why the filtered-
only data appears to be doing better is because two sources of
error are slightly cancelling each other out. This indicates that the
heating periods of data need careful treatment.

Hence, the start of the heating period is removed to account for
the period where the building is not in thermal equilibrium, and
the average is taken for the energy usage, external temperature and
solar irradiance for the duration of the rest of the heating period.
By using these values to infer the HPLC, the MAPE significantly
reduces to 15.8%. By applying the correct filters and models to
select the data, it ensures the data being input into the model aligns
with the modelling assumptions that are made (i.e. that the building
is in thermal equilibrium). Also, by taking the average across the
heating period it reduces the variation in data-points caused by
energy usage for other appliances.

With existing disaggregation techniques, the energy usage for
heating can be identified and used in the algorithm. However, this
did not provide an increase in MAPE when inferring the HPLC,
as when the heating is on it typically consumes over 80 % of the
energy used by the house and a significant proportion of other
energy usage for appliances is relatively constant across time-steps.
Hence energy usage disaggregation did not provide a significant
increase in accuracy when inferring HPLC on the simulated data
and other steps made a much more significant impact. However, it
is worth noting that this may be a limitation of the simulated data.

6.3.2 Using Holiday Data. The experiments show that it is feasible
to infer the HPLC of a home accurately from holiday data when
there are enough data-points collected. Whilst the average MAPE
across all situations is 24.9 %, for houses with over 100 data-points
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the MAPE reduces significantly to 13.1 %. This demonstrates that a
viable method of inferring the HPLC is to monitor the energy usage
whilst the building is unoccupied for a short duration. However this
comes with the caveat that there must be enough data-points that
are accepted by the filter stage, i.e. there needs to be at least 100
hours of temperatures below 15°C and with solar irradiance below
50 W/m?. Figure 3 outlines the relation between the MAPE and
the number of data-points. Further real-world experiments may
identify that this can be inferred to a sufficient level of accuracy
with fewer data-points, and it may be possible with 100 half-hour
data-points instead, which would half the amount of time the house
needs to be in eligible conditions through the holiday. Furthermore,
real world experiments could explore how low the temperature
on the thermostat can be set whilst still accurately inferring the
HPLC, to minimize the energy used in this HPLC labelling process.
These results show that using data when the home is unoccupied
can provide accurate inference of the HPLC with approximately
a week-worth of data with the right conditions. As such, this can
prove to be a useful tool when there is not enough data to infer the
HPLC via other methods, or when the inferred HPLC via the other
methods is inaccurate.

6.3.3 Cooling and CPLC. QUILT accurately infers the CPLC with
a MAPE of 17.4 % compared to 15.6 % when inferring HPLC. Since
the thermal model is fundamentally the same when the building
has a cooling system or heating system running, it should not be
a surprise that the accuracy levels are similar. The slightly worse
performance can be attributed to the fact that the cooling system
typically uses less power, and there is typically more solar irra-
diance and windows opened when a cooling system is operating
which means there are less viable data-points and more noise in
the remaining data-points.

When the occupants are on holiday the CPLC was inferred with
a MAPE of 16.1 % when there was enough data. This is a useful
insight as it is more likely that the occupants will take a holiday over
the summer and there is potential to learn the HLC if the cooling
system efficiency is known. Further work could explore scenarios
beyond holiday periods where the house is completely empty and
identify scenarios where heating and cooling systems are run in
situations with low noise and solar irradiance. For example it is
common for people to run a cooling system through the night when
there is typically no solar irradiance, the number of occupants is
fixed and energy usage for other applications is low. This reiterates
the need for more labelled real-world data to help identify these
scenarios where the HPLC and CPLC can be accurately inferred
non-intrusively.

7 ACTIONABLE INSIGHTS

QUILT can be used to inform energy companies, governing bodies
and homeowners of the thermal efficiency of buildings which can
lead to energy saving interventions. Studies have shown that the
energy efficiency of a building can increase its price, providing
an economic incentive beyond energy savings, which often do
not cover the cost of the energy-saving interventions [17]. Hence,
correctly labelling the thermal efficiency of buildings is important
to align environmental impact with financial incentives. This is
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now achievable non-intrusively, accurately, and at low cost thanks
to the development of QUILT.

The experimental results highlight how effective QUILT can
be at inferring HPLC and CPLC, which works with smart-meter
and local weather data. Our experiments have demonstrated the
feasibility on real-world data and on a broader set of scenarios using
simulated data. However, steps need to be taken to operationalise
this research in the real world. There is a need for more real world
data on the thermal efficiency of buildings, and such efforts of
creating real world datasets are underway®. Deploying QUILT on
larger real-world datasets is an important next step to demonstrate
how robust it is and to identify scenarios where adaptations are
needed to work beyond the datasets it has been tested on.

If QUILT is deployed at scale, the operators of the algorithm
can combine it with other sources of data to identify the most
suitable interventions. Houses with high heating energy usage and
low HPLC may benefit from learning to reduce their thermostat
temperature, and how more careful heating scheduling can lead
to reduced energy usage. Whilst survey data has been shown to
not be useful for inferring the thermal efficiency, it does identify
what potential interventions can be made to improve insulation,
and combined with an accurate HPLC measurement more targeted
interventions can be made to the least efficient buildings with the
highest HPLC. Furthermore, if QUILT is deployed widely, it will
uncover a large number of inefficient heating systems, which can
be replaced by modern solutions such as heat pumps.

If the evaluation of QUILT on a broader range of real homes
identifies it to be inaccurate in certain scenarios then steps can be
taken to improve the data collection process. For example, smart
thermostats could remove this potential source of inaccuracy by
providing information of when the heating is on, and what the
internal temperature is. As discussed in Section 6, identifying the
energy usage for heating does not provide any noticeable benefit
when identifying HPLC in our simulated scenarios, however real
world scenarios may be more complex, meaning this could still be
a valuable tool.

Furthermore, if the energy usage data for the house is too noisy,
or there is not enough data, a targeted data collection process may
be beneficial. The results show that the HPLC can be inferred if
the house is unoccupied, and there are at least 100 viable half-hour
readings where the solar irradiance and temperature filters are
satisfied. This requires the heating system to be on for the duration
of the holiday. In real world experiments, different thermostat set-
points could be explored to minimise the cost of inferring the HPLC.
Also, as inferring the HPLC is a function of the difference between
internal and external temperature, if there is not enough variation
in external temperature the thermostat set-point can be varied.

8 CONCLUSIONS

In this paper we have proposed QUILT, a Bayesian approach for
inferring the HPLC and CPLC of buildings non-intrusively using
only smart-meter readings and weather data. The new approach
improves on the state of the art, as demonstrated by a number
of experiments on real data, and on simulated data to represent

Shttps://www.gov.uk/guidance/smart-meter-enabled- thermal-efficiency-ratings-sm
eter-innovation-programme
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scenarios with unavailable real-world data. Furthermore, the ex-
periments conducted explore the importance of different features
when inferring HPLC and CPLC, and identify that correctly clus-
tering heating periods is of great importance, that the HPLC and
CPLC can also be inferred when the occupants are on holiday if
there is enough valid data points, and that energy disaggregation
for heating and cooling does not make a big impact on the accu-
racy of inferred HPLC and CPLC. These findings emphasise how
important a successful smart-meter roll-out is to enable accurate
inference of the thermal efficiency of buildings across the country,
and provide governments and energy suppliers the tools they need
to help improve the thermal efficiency of buildings.
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