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Abstract
Energy flexibility, defined here as demand modifications provided by buildings, can offer major benefits to the wider energy system through demand response. In demand response schemes contributions
made by participants are measured against baseline
demand profiles. This paper presents results from
comparing different baseline scenarios and their respective uncertainties. The analysis was done using
data from experiments where MPC was used to respond to demand response events during mornings
and evenings in a testing facility of matched semidetached houses in the UK over 11/2019-1/2020. The
results showed that a prevailing baseline methodology used in demand response had high uncertainty
compared to baselines calculated using data-driven
modelling techniques. High uncertainties were found
to limit the verifiability of small demand reductions
provided by the houses. The matched house experiments made it possible to directly compare the energy
demand profiles between the two houses.

Introduction
Building energy flexibility, the ability to respond to
changes in the energy system, could play a significant
role in reducing greenhouse gas emissions. Approximately a third of energy is consumed in buildings
in the UK, most of which to run heating, ventilation
and air conditioning (HVAC) systems (BEIS, 2018).
Increasing solar and wind power generation capacity and electrification of heating demand with heat
pumps is a plausible pathway to significantly reduce
carbon emissions. Intermittent renewable energy generation and electricity demand have already increased
the value of flexibility (Jensen et al., 2017). Flexibility is typically used through demand response (DR)
programmes where participants are offered incentives
in exchange for modifying their demand or generation. Using advanced controls, HVAC systems and
building thermal fabric can be used to aggregate contributions buildings for DR without additional storage, like batteries or hot water tanks. The prevailing

way of using rule-based control (RBC) strategies to
deliver a single operational set-point in a building is
inadequate for pursuing multiple objectives, such as
comfort, energy efficiency and DR. Model-predictive
control (MPC), where building models and optimisation are used to produce optimal control decisions,
has been found promising to pursue various objectives
simultaneously (Nolting and Praktiknjo, 2019). MPC
research so far demonstrates how it can improve energy efficiency, but the savings can be relatively low,
even with variable energy pricing (Nolting and Praktiknjo, 2019). Partaking in DR programmes could
provide the added value necessary to make the rollout of advanced controls economically attractive.
Background
For DR schemes in buildings, ways to verify and quantify contributions by participants is important. This
is typically done by agreeing energy demand baselines which represent a counter-factual scenario of
how the building would have operated without DR
events (Woolf et al., 2014). These baselines are subject to several sources of uncertainties that affect their
interpretation: 1) measurement errors, 2) uncertainty
involved in modelling thermal response and 3) uncertainties from data, assumptions and forecasts used
as basis for calculating the baselines. The uncertainties are important because high uncertainty affects
whether changes in building operation can be verified
or not. Work by Mathieu et al. (2013) quantified uncertainties associated with different quantifiable metrics related to DR, such as shed load, rebound and
peak demand using regression models as baselines.
The analysis however did not compare uncertainties
associated with different baseline scenarios, or investigate implications of the uncertainties in the context of
using MPC. MPC techniques have been introduced to
cope with uncertainties, but the focus in these studies
has been on ensuring optimal operation of the controller when facing uncertainties without investigating effects of uncertainties in the context of flexibility
(Maasoumy and Sangiovanni-Vincentelli, 2016).
Findings from recent research on using RBC or MPC

in buildings to deliver flexibility are reviewed briefly
next. A substantial body of research exploring the
potential of MPC to deliver energy flexibility is
simulation-based, rather than experimental (Killian
and Kozek, 2016). The potential of MPC for DR has
been demonstrated in experiments. For example, a
hierarchical MPC was implemented in two commercial test cells to demonstrate its effectiveness for frequency regulation by using a cooling system (Vrettos
et al., 2018). The amount of capacity provided for
frequency reserves varied between 0.74-46% of total
fan capacity. The match-pair set up allowed making comparisons by measuring energy demand in both
buildings.
Aim and contribution
This paper presents results from experiments in a
match-pair of semi-detached houses using MPC to
deliver a simplified demand response scheme. The
aim of the paper is to analyse the uncertainties introduced by forecasting, modelling and measurement
on different baseline demand profiles when delivering
flexibility. The paper shows how a MPC strategy using data-driven building modelling was used to create
baseline predictions which were used to evaluate the
contributions made by buildings in response to calls
for demand response. The matched pair test houses
enabled inclusion of a measured energy demand baseline from a near-identical building into the analysis.
The paper presents methods to analyse the uncertainties with a discussion and conclusion to guide future
research endeavours.

Methodology
Matched pair experiments
The matched pair of unoccupied semi-detached
houses at Loughborough University, UK was used in
experiments where a MPC strategy delivering flexibility was implemented using electric heaters. The
matched pair facility comprised of two-storey southfacing brick-built semi-detached houses, a relatively
typical sample from the UK housing stock. Several
measures were taken to ensure that the houses were
as similar as possible, for example blocking side windows facing east and west, removing furniture from
the homes and blocking infiltration pathways like taps
and sinks. More details about the facility can be
found in work by Roberts et al. (2018). To measure
local weather, a mast with instruments for measuring
wind speed and direction, and solar irradiation was
installed next to the houses. A thermistor was placed
outside to measure local outdoor air temperature.
All sensors were connected to Datataker dataloggers.
The indoor temperatures and weather measurements
were taken every 20 seconds. To measure the electricity consumption, Z-Wave enabled Horstmann electricity meters which updated their power measurements once per minute were used.

Experiments with demand response
To test the use of a MPC strategy for delivering demand reductions and to quantify the respective uncertainties in energy demand baseline scenarios, a series of experiments was performed. The experiments
subjected one of the houses to an energy demand reduction request for a period of time in both mornings
and evenings, while the other house was left to operate in energy minimisation mode without demand
reduction requests to act as a measured baseline. To
account for differences between the houses, the energy demand reduction requests were swapped from
one house to the other every two days. The time
period where either one of the houses was the one delivering flexibility was two days, after which the other
house was set to deliver the demand reductions and
so forth.
Data gathered over a morning DR event on the
26.1.2020 was analysed to compare the uncertainties
in each baseline scenario. In the mornings, reduction
request of 4.5 kW was made at 6:00 and the period of
reduction was 8:00-9:00. The preparation time before
DR calls was two hours for the MPC to give it time to
prepare to the call beforehand, if seen fit by the controller. The prediction horizon of the MPC was four
hours, meaning the optimisation was performed over
120 two-minute time-steps. Table 1 shows the main
inputs and premises used for the MPC operation over
the duration of the experiment.
Table 1: Input parameters used with the MPC in the
experiments.
Input parameter

Value

Control time-step [min]
Optimisation horizon length [h]
£
]
Cost of comfort, r, [ ◦ Ch
Cost of flexibility, f , [ M £
]
Wh
Cost of energy, p, [ M £
]
Wh
Temperature bound over occupied hours, 7:0011:00, 16:00-23:00 [°C]
Temperature bound over unoccupied hours [°C]

2
4
1000
250
50
21-22
16-25

The time period chosen for presentation of the results
was deemed as a typical morning for the time of year
in England. The solar irradiation was low from 6:0010:00, the measured average was 32 W/m2 and the
mean outdoor temperature was 7.3 °C. Wind speeds
were low, on average 3.7 m/s. The day was within a
period when experiments were running uninterrupted
and there were no detectable failures in measurement
or control equipment. The homes were also deemed
to thermally be in similar states since they had been
operating with the same strategies for several days
before the day.
Model-predictive control strategy
The MPC problem is presented in equations 1-5. The
problem formulation was similar to the one used by

El Geneidy and Howard (2019). The problem was
formulated as an economic MPC where the objective
function (eq. 1) was minimised over the control horizon spanning n time steps in total. γi is the energy
input to the space and pi the cost of energy.
min. P =

n
X
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(5)

statsmodels-package in Python (Seabold and Perktold, 2010). To narrow down the search space of optimal parameter values and their respective lags, a
systematic approach introduced earlier by El Geneidy
and Howard (2019) was used. The system identification for identifying the ARX-model structure
and initial parameter values was done by using a
dataset gathered 15.11.-5.12.2019. The final ARXmodel configuration consisted of the following parameters and respective lags for both buildings: θin lags
= [1 − 4, 10, 20, 30, 40, 50], T out lags = [30], γ lags
= [0, 1, 2, 3, 4].
Implementation of controls

α is a decision variable for flexibility which is the deviation to a reference profile γref which was based on a
projection by the MPC made before the call for DR.
Equation 2 describes the principle, when operating
below the reference profile α is positive and multiplied
in the objective function by the cost of flexibility, fi .
When flexibility is needed, fi has a positive value,
otherwise it can be set to zero. fi acts symmetrically
also as a penalty if the reference profile is exceeded
when flexibility is needed, since α is then negative,
increasing the overall value of the objective function.
Variables low and hi together with r penalise the
controller for violating the lower and upper temperature bounds. They have been formulated as slack
variables. For example, when the lower temperature
bound is violated, low becomes positive, increasing
the objective function value. The same principle applies with hi .
The chosen strategy was intended to enable the MPC
to deliver flexibility by responding to changes in f
by incentivising the controller to reduce demand as
much as possible during times of DR without trading
off too much comfort or energy efficiency. Ultimately
these trade-offs are defined by the relative differences
between the costs pi , fi and r.
Equation 3 is a linear AutoRegressive model with eXogenous inputs (ARX-model) which is a data-driven
model relating the house indoor temperature with
outdoor temperature and heat input. Strength of
ARX-models is in their linearity, identifiability by using techniques derived from statistics and the versatility they provide. The parameters chosen for the
identification were heat input and indoor and outdoor temperatures. From weather variables only outdoor temperature was chosen for the MPC, because
forecasts were available for it by the British Met
Office. The identification was performed with the

To implement the linear continuous MPC strategies
with on-off control, an approach to use MPC to control the time the heaters were turned on and off was
adopted, where rather than controlling power, the
MPC was set to control the heat input. The control
variable was the average power input over two minutes. For each control time-step the heater was either
turned on or off for a proportional time to the average power input calculated by the MPC for the first
time-step. For example, with the maximum power
input being 9 kW, in case the MPC would calculate
the optimum control action to be a power of 4.5 kW,
the heater would be kept on for 60 seconds and then
turned off for 60 seconds during the two-minute control horizon.
Baseline uncertainties
Four different baseline scenarios were constructed
to understand their effect on the flexibility. These
scenarios were constructed from data collected over
12/2019-1/2020 from the matched pair experiments
described above. The scenarios can be framed as answers to the following questions: 1) What was the
contribution compared to a British industry standard
energy demand baseline?; 2) What was the contribution potential against demand projections foreseen
in situ by a MPC?; 3) What was the contribution
when using modelled energy demand baselines after
the event? and; 4) What was the contribution compared to a measured baseline from match-pair building? The following subsections present how baseline
uncertainties were evaluated for each of the four baseline scenarios.
Total uncertainty in baseline comparisons
To evaluate flexibility contributions of buildings in
relation to different baselines, F (t), the difference
between each baseline and the measured power consumption was calculated using equation 6, where P (t)
is measured power demand and B(t) is the baseline.
A positive value means the baseline is exceeded and
a negative value corresponds to reduced demand.
F (t) = P (t) − B(t)

(6)

Assuming that the uncertainties in the baseline and

the measured energy demand are independent of each
other, the total uncertainty is then represented by
equation 7, following the Guide to the Expression
of Uncertainty in Measurement (GUM) (Kirkup and
Frenkel, 2006). UP is the uncertainty in the power
measurement and UB is the baseline uncertainty. The
definition of the measured baseline and a description
of how the measurement uncertainties were calculated
is provided in the subsequent sections.
Utot (t) =

p

UP (t)2 + UB (t)2

(7)

When using predictions made by models to calculate UB , out-of-sample data was used, meaning data
used to identify the models was not used. Furthermore, data used to determine the uncertainties did
not overlap with the period presented in the results.
The general approach was to calculate the standard
deviations (σ) of residuals between baseline projections and the realised demand. Assuming normal
distribution of errors, the 95 % confidence intervals
were then calculated by multiplying the standard error with a coverage factor to determine the overall
error, as shown in equation for baseline uncertainties
UB 8 (Kirkup and Frenkel, 2006)[p.165].
UB (t) = 1.96 × σ(t)

(8)

Industry standard baseline
For comparison, the industry standard baseline
methodology was chosen to be so-called High-Five-ofTen (HFoT) which has been used to evaluate contributions by buildings participating in the Short-Term
Operating Reserve (STOR) in the UK (Woolf et al.,
2014). A daily baseline is first calculated for 24-hour
periods by calculating the mean energy demand over
five days with highest energy demand over the most
recent ten days of normal operation. The daily baseline is then adjusted every half-hour to the moving
average of energy demand over the past two-hour window ending 30 minutes before current time if the moving average is higher than the daily baseline.
The uncertainty associated with HFoT was determined as the 95% confidence interval calculated
from differences between realised demand and HFoTbaselines over 15.-22.1.2020. The days when DR was
called for were excluded from the set of days used to
calculate the daily baseline. For some days, ten representative days did not exist to determine the baseline.
For these days the daily baseline was still calculated,
but the set of days used to choose the highest five
days of demand was less than ten. This was deemed
justified in the context of the experiments to be able
to make reasonable comparisons with the gathered
data.
Projected in situ baselines
To understand the uncertainties in the in situ projections made by the MPC, the 95 % confidence in-

tervals for power projections were calculated from
data gathered 17.-24.1.2020. The uncertainty over
time was calculated by determining standard deviations for each prediction time-step from the residuals between the predicted and measured power consumptions. These uncertainties for two-minute predictions were then adjusted for mean power consumptions when reporting results by calculating the uncertainty over the mean of the predictions assuming their
normal distribution. Projections made 2:00-6:00 and
12:00-16:00 were omitted when calculating the uncertainties to omit effects of DR calls that changed the
operational premises of the MPC and hence would
have affected accuracy of the power projections.
Analysis of the measured data showed that the
minute-by-minute power measurements were discrete,
which was not captured by the models. Uncertainty
due to instantaneous power readings provided by
the electricity meter were evaluated by using formula for calculating standard deviations of uniform
probability density functions (Kirkup and Frenkel,
2006)[p.134]. Since the uncertainties for the projected
in situ baselines, and in fact also the modelled a posteriori power predictions, were calculated by comparing the measured data with the model predictions, the
overall estimate of the error was seen to incorporate
this phenomena. To produce conservative estimations
of overall uncertainty this error associated with the
behaviour of the meter was also applied to the measured baselines to factor in the possibility that the
power consumption might have in reality been something else than what was recorded.
Modelled a posteriori baselines
To quantify the uncertainty introduced by modelling
of the systems on the predicted power baseline, the
model performance was evaluated using a set of measured data before the experiments. To evaluate the
uncertainty in modelling energy demand, an ARXmodel with the exact same parameters as in the main
set of experiments was identified, where the dependent variable was power instead of indoor temperature. Data gathered from RBC operation 15.11.5.12.2019 was used to identify the power prediction
model, which was the same data used to identify
building models for the MPC. Using this model, its
performance was evaluated using data of MPC operation 17.-24.1.2020. Overall approximately 6048 predictions were used in the analysis. The weather was
assumed to be perfectly known to omit effects of the
uncertainty introduced by the weather forecasts to
quantify the uncertainty introduced by modelling to
differentiate the case from the in situ projection relying on forecasts.
Matched house baseline
Indoor and outdoor temperatures as well as power
measurements were made during the experiments.
For power readings a relative uncertainty of 3.0% was
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Figure 1: Measured indoor temperatures and energy
demand in both homes plotted along with the calculated industry standard baseline.

Projection uncertainty in situ
Figure 2 shows how projections made in situ by the
MPC related to actually measured values of power demand with different sampling frequencies. The plots
show the discrete nature of the power measurements,
when the sampling frequency was two minutes, i.e.
two readings from the meter were used to determine
the mean power demand which was also used by the
MPC. As the sampling frequency increased, the predictions made by the MPC became more accurate.
Analysis from the histograms of errors between the realised and projected demand showed that most common errors were small, less than 0.1 kW. The behaviour of the power reading was a significant contributor to the overall variance which had implications on
the overall baseline uncertainty. But, the uncertainty
was still deemed significantly lower compared to the
industry standard baseline.

Scatter plot, MPC projections in situ and realised power
Time-step n=30
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The figure demonstrates how the HFoT baseline increased due to the preheating of the MPC and increased the baseline over the DR period. The daily
baseline in this case would have consistently underestimated the demand over the morning period when
heat was needed as the heating was off for large portions of the days. Using the HFoT method resulted in
having the largest uncertainty compared to other demand baseline methods, 3.5 kW in 10-minute mean
power. In case HFoT would be used for evaluating
flexibility contributions of the houses in question, the
contributions made by the buildings could be masked
by the high uncertainty and only large demand reductions would be verified.

DR period

Power - 10 min average
Notice period DR period

10

Predicted [kW]

Figure 1 plots the realised indoor temperature and
mean power consumption in the houses along with
the industry standard baseline. The figure shows how
the DR call made house 2 operate at a slightly higher
temperature compared to house 1 during the notice
period. During the DR period an initial reduction
was followed by a rebound as the MPC was maintaining the indoor temperature within the set comfortable bounds. This was associated with the MPC
hitting the lower temperature bound, causing it to
violate comfort for which it was heavily penalised, r
£
. Observing behaviour of the conwas set as 1000 ◦ Ch
troller over other events during the same week showed
similar pattern, an increase prior to the DR period to
preheat followed by an initial reduction and rebound
when the lower temperature bound was met. This
would suggest that with strict temperature bounds
the available flexibility for long-term demand reductions in Winter conditions from a standard English
dwelling can be limited as was evidenced in simulation studies by El Geneidy and Howard (2019).
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applied, the tolerance for class 2 electricity meters
(BSI, 2018). To factor in possible errors from unforeseen effects when evaluating the uncertainties of
average values obtained from measurements a conservative approach was used. The uncertainty associated
with individual measurements was also applied to the
means of measured values. In addition to calculating
the uncertainty in the power measurements, the difference between the houses had to be estimated to
understand how they should be compared with each
other. This was done by performing linear regressions
where one of the homes was set as the dependent variable and the other one as the independent variable.
The data used to evaluate differences between the two
homes was gathered over 11.-18.12.2019, when both
houses were operating with energy minimising MPC
using the same temperature set-point schedules without DR events. As mentioned before, uncertainty associated with the electricity measurement was applied
in the matched house baselines.
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Figure 2: Scatter plots of realised energy demand and
projections made in-situ by the MPC one hour ahead
presented using different sampling frequencies of the
data.
The discrete power readings show how error was introduced due to the experimental set up. This was
apparent in house 2, with large number of readings
being approximately 0, 4.5 or 9.0 kW when using twominute sampling. This phenomenon was attributed
to the operation of the meter itself and how it updated
its power reading value. The meter reads were most

As figure 3 shows, similar to the in situ predictions by
the MPC, the discrete nature of the power demand
introduced variance between predictions made by the
continuous power prediction model and realised demand. Making the predictions a posteriori using the
suggested power prediction model did not reduce the
uncertainty compared to in situ predictions indicating
that the error due to using weather forecasts and predicting the indoor temperature was minor compared
to errors introduced by the modelling and measurement. This was also confirmed by comparing baselines which were calculated using outdoor temperature forecasts with high and low outdoor temperatures.
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Figure 5 plots the results from regressions between
the mean power demands of the houses. The figure illustrates how the difference between the houses
became more apparent as sampling was increased.
Above 15-minute sampling (900 seconds) the difference in energy demand was already consistent as the
high R2 -values (>0.9) show.
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Figure 4 confirms the undersampling of the power
measurements, which was found to be due to the
power meter readings being instantaneous rather
than averaged readings over the minute. The deviations from the discrete ’bands’ were likely to be
due to timing difference between the readings and the
heaters turning on or off, which was caused by time
lags between the power measurement and its communication to the controller via the Z-Wave network.
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Figure 3: Scatter plots of realised energy demand and
projections made a posteriori one hour ahead by a
power prediction model over different sampling frequencies of the data.
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the matched pair houses demonstrating the significance of sampling when making comparisons.
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Modelling uncertainty a posteriori

The house not delivering DR, in this case house 1,
acted as the matched house baseline. Measured data
from the houses showed a consistent difference in energy demand between the houses when mean power
demand profiles were compared. Figure 4 shows scatter plots of mean power demand when varying the
sampling frequency. The comparison illustrates how
the higher sampling draws out the systematic difference between the homes. With very low sampling,
making proper comparisons at any given time-point
was difficult due to cyclical heat input by the MPC.
While the other house had heating turned off, as it
had reached a temperature appropriate for the MPC,
the other house might have had heating on to keep
the indoor temperature above the lower temperature
bound.

Power, House 2 [kW]

Error was also caused by lags in the system. When
the heaters were turned on by the MPC for two minutes, after waiting for 60 seconds and taking measurement, the measured demand could still be 0 kW,
which was the value before the heaters were turned
on, since the meter had not updated itself. Then
after the first minute another reading from the meter was taken which would show the measured power
as 9.0 kW and result in realised power demand of
4.5 kW over the two-minute period for the MPC. This
however was not what the MPC intended to do and
would have resulted in a prediction error. This error
was captured in the calculated differences between
the projection and realised demand used to estimate
the overall projection uncertainties.

Matched pair uncertainty

Power, House 2 [kW]

probably instantaneous power readings rather than
average readings over one minute. The 95 % confidence interval attributed to the errors in the measurement due to this were 2.55 and 1.01 kW for twominute and ten-minute sampling, respectively. Comparing these values to the overall uncertainties calculated for the projections, indicate that these errors
probably represented a significant portion of the variance between the projections and realised demand.
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Figure 5: R2 -values, coefficients and intercepts of
regressions of mean power demand between the two
houses with different sampling frequencies of the data.

Comparison of baseline uncertainties
Figure 6 shows how the realised energy demand in
house 2 compared against all four baseline scenarios
and their respective uncertainties. Table 2 provides
a snapshot from 8:10, after the beginning of the DR
period, to demonstrate how the different baselines related to each other.

Differences between measured 10-minute mean power demand and
different baseline power demand profiles, 26.01.2020, House 2
Difference to Difference to Difference to Difference to
baseline [kW] baseline [kW] baseline [kW] baseline [kW]

To form the matched house baseline from house 1 for
comparisons against house 2, the mean power consumption of house 1 was adjusted using results from
the regressions. The coefficient was 0.88 and bias was
0.60, which were the regression parameters for mean
power over 10-minutes. House 2 was on average consuming more power than house 1 in case no adjustments were made. The mean difference in daily energy demand over 11.-18.12.2019 was 5.42 kWh, corresponding to 9.5 % of total consumption of house
1. A similar result was found also by Roberts et al.
(2018) when measuring the difference in the heat
transfer coefficients, the difference was 5.6% (216 vs.
223 W/K, house 1 and house 2 respectively) (Roberts
et al., 2018). The difference in airtightness was found
small, 1.4% (14.9 vs. 14.7 q50 (m3 /h/m2 @50 Pa) for
house 1 and house 2 respectively).
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Figure 6: Differences between baselines and realised
demand including respective uncertainties which are
marked with grey areas. The green areas indicate the
notice period after the DR call, the red areas mark the
time periods when demand reductions were requested
from the houses.

The uncertainties of the industry standard estimation and the modelled baselines demonstrate how the
uncertainties could be reduced by 0.46-1.69 kW, 5.118.8% of the total heater capacity when using the
MPC. However, compared to measurements, using
model predictions introduced significant increase in
uncertainty. The difference between the two baselines based on data-driven models, in situ operation
and the a posteriori predictions, show that inaccuracy
in weather forecasts was minor and the power measurement model using same model parameters did not
perform better than the one the MPC used. Measurements allowed making detailed comparisons between
the matched pair houses, but normally this would
not be possible. But even with the matched house
baseline, an adjustment was necessary to account for
variability between the homes and the error due to
the electricity meter had to be factored in, which increased the uncertainties.

Discussion

Table 2: Values of differences to respective baselines
and the associated uncertainties in the start of the DR
period at 8:10 26th of January 2020.

The results show how more accurate models enable
verification of small contributions made by buildings.
However, when aggregating buildings, the aggregate
error could be proportionally lower when more buildings would be used, if errors of the aggregated buildings were independent of each other. This could mean
that significantly more accuracy might not in practice be needed. These propositions would still need
to be validated with more research. More substantial conclusions about the demand reduction potential in relation to the uncertainties from the matched
house experiment would require further analysis using a larger set of DR events. To understand effects

Scenario

Industry standard
In-situ projection
A posteriori modelling
Matched house

Time: 8:10 26/01/2020
Difference
Uncertainty
to baseline [±kW]
[kW]
-3.94
-2.18
-2.75
-4.14

3.53
2.15
3.07
1.35

The results provide evidence to support the claim
made under the section Aim and Contribution. Using data-driven models provided a reasonably accurate baseline for evaluating the contributions made
by buildings. Uncertainty in the baseline can mask
the real contributions made which could be demonstrated through the experiments. The results show
that using MPC, a demand reduction of less than
2.2 kW, 23.8 % of the overall heating capacity, would
not be possible to verify. As the results show, the
MPC did provide verifiable demand reductions in the
beginning and end of the DR period, also confirmed
with the matched house baseline. It should be acknowledged that using 95 % confidence intervals to
evaluate the overall uncertainties was a conservative
approach, Mathieu et al. (2013) used standard deviations, for example. To reduce the uncertainty found
in power measurements, future experiments should be
designed to account for this source of error.

of weather and modelling on the performance of the
MPC in terms of flexibility and comfort, data from
a longer time period could reveal how the MPC behaved as the time difference between system identification and the MPC operation increased. More
moderate weather conditions might prove to be more
beneficial in terms of delivering DR making it possible to observe larger demand reductions in relation
to the baseline uncertainties.

Conclusion
Results from experiments in a matched pair of semidetached houses with MPC were used to evaluate four
baseline scenarios and their respective uncertainties.
The four baseline scenarios were an industry standard high-five-of-ten, projected baseline made by the
MPC in situ, modelled baseline created a posteriori
after the event and a measured baseline which from
the measured energy of house not delivering flexibility
in the matched house. The intention was to understand how uncertainties in each baseline varied and
affected interpretation of contributions made during
a morning DR period on the 26.1.2020.
The results show that a high weight on thermal comfort severely limited ability of the MPC to deliver
the full demand reduction requests over the full onehour DR period. The response by the MPC was
to preheat the houses before the DR period and reduce consumption over the demand response period
as much as possible. The baseline uncertainties were
found to be highest when the industry standard baseline was used. Data-driven models reduced the uncertainty but comparisons of various sampling frequencies revealed how discrepancies between reality
and the models had a large impact on the uncertainties. With high uncertainties small contributions by
individual buildings would not be possible to verify.
With the proposed predictive control scheme, the uncertainty using conservative 95% confidence intervals
was 23.8% of the total heating capacity. Variation in
the uncertainties show how choice of baselines might
affect the range of demand modifications that a party
like an aggregator could actually request and verify
from buildings for demand response.
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