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Prediction of heat demand is of distinct importance for policy planning in social housing, where residents are in
higher danger of falling into fuel poverty. Understanding the behavioural response of fuel vulnerable households
against weather allows generating accurate baseline energy models and estimations of energy savings. This paper
evaluates weekly heat demand profiles of 462 social housing dwellings in five tower blocks in the South of the
UK, monitored over two years. Linear and segmented regressions are fitted through the ‘segmented’ package in R
Studio to explore the relationship between heat demand (including Domestic Hot Water and space heating) and
Outdoor Temperature, generating energy signature models for each flat. Three distinct heat demand profiles are
found: (i) households that do not use space heating (11%), (ii) irregular consumers, where the transition towards
the heating season is not identifiable (33%), and (iii) households with marked seasonal thresholds (56%).
Consumption trends as well as the effect of extremely weather events such as the 2018 storm ‘The Beast from the
East’ on the heat demand are evaluated. Low consuming households show little to no variation in their demand
patterns during extreme weather events, whereas higher consumers seem to reach a plateau in their demand even
at extremely low temperatures. The variability of heat demand in dwellings which have identical physical
properties, and are exposed to the same weather conditions, is attributed to occupant behaviour. This study
highlights the heterogeneity of heat demand in social housing and the need to move away from national

averages.

1. Introduction

In 2019, the UK extended its commitment to reduce its carbon
emissions from 80% to 100% by 2050, relative to 1990 levels [1]. As a
result, a ten-point plan to accelerate the pathway to net zero was pub-
lished in 2020, underlining buildings as one of the pivotal areas to focus
on [2]. Within the UK’s domestic buildings sector, space heating de-
mand amounts to 60% of the energy consumption and Domestic Hot
Water to 18%, and both are usually provided through the same system
[3]. Given the relevance of heat demand, many studies aim to identify
what the main drivers of domestic heat are, and to develop methods to
accurately predict it at both local and national levels [4-9]. Forecasting
heat demand is of distinct importance for policy planning related to
social housing, where residents are in higher danger of falling into fuel
poverty, due to their low level of income [10]. Social housing represents
17% of the UK’s building stock and holds distinct building features as
well as hosting residents with specific socioeconomic characteristics
[11]. Hence energy consumption in this sector is expected to differ from
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national averages [12].

At a first glance, heat demand in buildings is defined the three as-
pects: local climate, building characteristics such as thermal perfor-
mance and type of systems, and user behaviour -their comfort needs and
socioeconomic characteristics-. The convergence of these aspects leads
to unique heat consumption patterns, which makes forecasting and
replicability difficult. The more is understood about what triggers and
limits heat demand the better it can be predicted. This helps to diminish
the performance gap, meaning the difference between predicted and
observed energy performance in buildings.

Moreover, evidence on the potential energy impact of large-scale
retrofits and or technology deployment is needed to support policy
development regarding heat demand in domestic buildings. This type of
analysis should consider the heterogeneity of households. By dis-
aggregating data in heat demand modelling, policies can be tailored to
different types of consumers. In social housing, for example, financial
restrictions mean that some households may adapt to living under lower
temperatures to save on their heating bills [13], reinforcing the threat of
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the rebound effect after building retrofits [7,12,14,15]. Given that social
housing is an ideal target for future retrofits, it is paramount to under-
stand the heat demand in this sector.

This paper extends on the analysis presented at the 2018 Building
Performance Analysis Conference and SimBuild co-organized by ASH-
RAE and IBPSA-USA, where the seasonal variation of monthly heat de-
mand, including space heating and Domestic Hot Water (DHW), was
evaluated for a group of social housing dwellings [16]. This preliminary
analysis showed an overall low heat demand and a changing correlation
between heat demand and outdoor temperature. Building on this work,
this study aims to increase the understanding of heat demand, including
both Domestic Hot Water and space heating, in social housing in the UK.
In particular, it seeks to identify characteristics of behavioural response
to weather. The objectives of the analysis are: (a) to discover heat de-
mand profiles in social housing dwellings, (b) to examine the transition
between the periods when there is no space heating demand, and when
there is, and (b) to evaluate the impact of weather-related factors, such
as outdoor temperature, wind, and an extreme weather events on space
heating demand. A bottom-up statistical regression method was applied
to study the relationship between heat demand and outdoor temperature
using heat billing records from five social housing tower blocks over two
years.

The paper is structured as follows. First a review of UK residential
space heating demand and building energy models is presented in Sec-
tion 2. This is followed by an introduction to the Case Study buildings in
Section 3. Section 4 presents the dataset and methodology used to
develop heat demand regression models and evaluate their main char-
acteristics. Finally, results are presented and discussed in Section 5.

2. Background
2.1. Seasonality of space heating demand

Space heating demand can be analysed at different scales. Numerous
studies focus on social housing indoor temperatures and daily patterns
[5,7,17,18] as well as affordability of heat and sociodemographic de-
terminants of demand [9,19,20]. However, to the authors knowledge,
there is very little research on seasonality of space heating.

The largest UK survey on space heating in English households is The
Energy Follow-up Survey [21], which presents an analysis of energy
usage and seasonality derived from a combination of surveys and indoor
temperature monitoring. The reported mean length of the heating sea-
son is of 5.6 months, with most household heating regularly from
October to March or April, and 85% of households starting to use their
heating in September and November. A small number of households
(2%) reported heating their homes throughout the whole year, and a
similar percentage of households reported not using any heating at all.
Regarding dwelling characteristics, detached or semi-detached houses
showed significantly longer heating periods than flats. Additionally, the
Energy Follow-up Survey highlights the difficulty of determining an
exact start and end of a heating season, as demand varies within each
month.

The majority of UK building physics models are based on the meth-
odology defined in the British Research Establishments Domestic Energy
Model (BREDEM), with some modifications [22]. BREDEM details cal-
culations methods for domestic monthly energy consumption based on
characteristics of buildings and standardised temperature setpoints,
daily occupancy and heating patterns. The heating season is defined on a
monthly basis and is considered specific to each building and location.
For each month, heating requirement is calculated based on the number
of days that a certain temperature threshold is surpassed. This threshold,
knowns as base temperature, is determined by the building’s thermal
gains and losses [23]. The validity of BREDEM assumptions has been
questioned by various authors [7,12,20,21] with a predominant focus on
temperature setpoints and daily profiles. In particular Kane et al. [9]
evaluated the duration of the heating season as well as threshold
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temperatures, indicating that socio demographic variables such age and
employment had an impact on a household’s threshold temperature, and
highlighting as well, the difficulty of determining the start and end of
heating periods.

2.2. Building energy modelling

Building Energy models are developed to understand and predict the
energy demand of buildings at different scales, from a single building to
district or national levels. Depending on the level of aggregation of the
data analysed, models can be classified into two methods: ‘top-down’ or
‘bottom-up’. Swan & Ugursal [24] appraised modelling techniques for
regional and national residential energy modelling, highlighting the
main characteristics of these two methodologies. The first, top-down,
perform regression on historical energy usage data of a sector or re-
gion and aim to identify what macroeconomic indicators explain the
characteristics of the demand. Bottom-up models, in contrast, estimate
energy consumption of specific buildings or groups of, and aim to serve
as an input for large scale quantification of energy demand. These last
are useful for discovering typical usage patterns and rely on simple data.

Bottom-up models can be further divided into statistical or engi-
neering models, based on how end-use energy is estimated [25]. Sta-
tistical methods perform different types of regression analysis looking
for correlations between historical energy consumption records and a
variety of parameters, to forecast future energy demand. Engineering, or
building-physics methods, use systems and building physical properties
as well as occupant information to generate energy usage profiles. These
last have greater flexibility and allow evaluating the impact of new
technologies. However, the same level of disaggregation that gives them
flexibility, requires detailed quantitative information, and results are
heavily impacted by the assumptions on occupant behaviour [26].
Kavgic et al. [22] performed a review of residential bottom-up models,
highlighting that the main benefit of statistical models is the ease of
using billing data, in contrast with the detailed information required by
building physics models. However, statistical modelling requires a large
sample of historical records to be accurate.

Statistical models can use a variety of regression techniques, from
simple linear regression to multivariate regression, such as Conditional
Demand Analysis (CDA), and the use of Artificial Intelligence (AI) al-
gorithms. These last are the most advanced and are used to evaluate non-
linear relationships between energy demand and multiple parameters
[25]. Machine learning is a type of Al method, where the models learn
and improve with data input [27]. Support Vector Machine (SVM) and
Artificial Neural Networks (ANN) are amongst the most used machine
learning algorithms. These are very useful when little information is
known about the building, but they rely heavily on the quality of the
data used to train the model [28,29].

2.3. Application of simple regression models

The need to update current standards and assumptions calls for more
data driven modelling approaches. These type of models are used in
Measurement & Verification protocols to generate baseline energy
models and evaluate building performance and the impact of technology
deployment, and [30]. Zhang et al. [31] compared different approaches
to generate baseline energy models in an office building, suggesting that
regression models, in particular change point or piece-wise models,
present a good balance of accuracy and amount of work needed to
develop the model. ASHRAE Guideline 14 [30] suggests different types
of regression models that can be fitted to whole-building energy demand
records of different temporal resolutions. For UK buildings, The Char-
tered Institution of Building Services Engineers - CIBSE-presents two
methodologies to generate baseline energy models: performance lines
and energy signatures [32]. The first are linear models between space
heating demand and Heating Degree Days at a monthly resolution. In
contrast, the energy signature method evaluates total energy demand
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against outdoor temperature at high resolution, daily or hourly.

Energy signature models have multiple uses. They can be used to
predict building physics parameters, such a building’s heat loss coeffi-
cient and or base temperature [32,33], to identify problems in a build-
ing’s thermal performance [34] and characteristics of their heating
systems [35], to evaluate the impact of retrofits in energy demand [36,
37], and to identify energy consumption patterns. Overall, their
simplicity in both the data needed and the type of analysis, as well as
their multiple applications, make them an attractive tool to assess en-
ergy demand in residential buildings [38].

3. Case study

The case study analysed in this paper is a social housing building
complex located in the city of Southampton, in the Southeast of the
United Kingdom. The climate in the region is classified as temperate and
oceanic (Koppen-Geiger Cfb), showing average Heating Degree Days of
1937 HDD/yr and average yearly minimum and maximum temperatures
of 8.2 °C and 14.5 °C respectively [39]. The complex consists of five
high-rise 13 storeys towers, each with 104 living units (N = 520). All five
are identical in construction, layout, heating system, and orientation.
The layout of the buildings, as depicted in Fig. 1, is the same across floors
and consists of one- and two-bedroom properties of 50 m? and 70 m?
respectively, oriented West to East. The towers are located on the
waterfront, directly exposed to weather elements without any shielding
from adjacent buildings.

Built in the late 60’s, the fiver tower blocks were retrofitted in 2012
meeting BREEAM excellent certification standards. This included the
improvement of the building fabric and the installation of a high tem-
perature water-based heat network supplied by gas boilers. The result-
ing envelope shows U-Values of 0.30 W/m?K for the external walls and
1.2 W/m?K for the windows. The heat network supplies heat to metered
heat exchangers in each flat, which are used for both space heating and
hot water. Inside the flats the controls to regulate their heating and hot
water are the same as in most UK households: on/off switch, thermo-
stats, and TRVs (Thermostatic Radiator Valves) in the radiators [40]. An
important characteristic of the heat exchangers is that they operate
through a prepaid metering system, meaning that heat consumption is
limited by the credit available on the customer’s account. The case study
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(520 flats) was monitored from 2017 through 2019 as part of the
Thermoss project [41] to evaluate the energy demand in the buildings.
As part of the same project, indoor temperatures and thermal comfort
were monitored in 10 flats from one tower during the same period.

4. Study design
4.1. Heat demand records

The analysis presented in this paper originates from the examination
of weekly heat billing records from all the dwellings in the case study (N
= 520) from October 2017 to October 2019 (104 weeks). This period
includes an extreme weather event which took place during Februar-
y-March 2018; a storm known as “The Beast from the East” which
resulted in daily maximum temperatures of 2.5 °C and snowfall across
the UK [42]. The billing records derive from the heat metering units in
each flat and include heat consumed for space heating and Domestic Hot
Water together as one value. Regarding the characteristics of the flats,
the only information available included: flat number, floor number,
floor area, orientation, and number of bedrooms.

The first step of data cleaning involved eliminating incomplete and
null records. Metering interruptions and incorrect readings may be the
result of malfunctioning of the metering units, communication problems
and or changes in the metering when resetting or replacing equipment.
The remaining dataset (N = 505) was re formatted to fit the ISO week
calendar [43]. The second step was to identify and eliminate outliers,
following the work of Chambers & Oreszczyn [44] on processing do-
mestic energy demand records. As the heat demand data was
non-normally distributed, a modified Z-score test was used, which
evaluates the deviation of each data point in comparison with the me-
dian instead of the mean. Finally, long term occupancy was evaluated
for each flat. If the heat demand of a flat was of 4 kWh or less for four
continuous weeks or more, the flat was considered unoccupied for that
period. This was done to identify long periods of absence to eliminate
empty properties from the dataset and identify possible changes of
tenancy. Periods of low demand (equal or less than 4 kWh) of three
weeks or less were classified as occupied. As a result, 10 empty prop-
erties were eliminated from the dataset (N = 495).

g —

Fig. 1. - Typical floor layout within tower block. Each tower block has 13 stories with the same layout, composed of one- and two-bedroom flats, oriented West

to East.
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4.2. Indoor temperature records

Indoor temperature was monitored in 10 flats of one of the towers
from February 2018 to October 2019 at 15-min intervals. Additionally,
two thermal comfort and occupant behaviour surveys were performed in
each flat: one during the winter of 2018 and the other at the end of the
summer of the same year. The quality of the indoor monitoring dataset is
very poor, given recurrent problems with the remote monitoring system.
Additionally, the number of flats monitored is not enough to generalise
aspects the indoor quality in the building. However, these records are
still of interest as examples of comfort preferences in the flats of the case
study. After eliminating faulty readings and outliers, mean temperatures
during winter months were obtained for each of the 10 flats.

4.3. Weather

Weather records were obtained from a weather station [45] installed
on the rooftop of one of the towers as part of the Thermoss project [41].
The resolution was 5 min, and the quality of the dataset was very good.
Within the two years of data, 93% of all hours had complete readings (12
readings per hour), and only 5% of readings (1064 h) were missing
intermittently. The only continuous period of missing data was in
November 2017. The weather dataset includes the following variables:
Outdoor Temperature (°C), Relative Humidity (%), Wind Speed (m/s),
Wind Direction (DEG), Air pressure (hPa) and Solar Irradiance (W/m?).
These were aggregated per week, to match the resolution of the main
dataset. The frequencies of mean weekly Outdoor Temperatures were
evaluated to identify weeks of extreme low and high temperatures, as
shown in Fig. 2. Weeks with a mean Outdoor Temperature lower than
the 5th percentile (5 °C) or higher than the 95th (21.5 °C), were clas-
sified as ‘extreme’. Four weeks were identified as extreme lows and one
as extreme high. Out of the low temperature weeks, three of them
correspond to the period of time when the storm ‘The Beast from the
East’ took place, February and March of 2018.

4.4. Regression models

The relationship between heat demand (including space heating and
Domestic Hot Water) and weather was evaluated by generating heat
demand models for each flat by plotting weekly Heat Demand (kWh,/m?)
against mean weekly Outdoor Temperature (°C) and fitting a regression
model. The choice of this model, which is an adaptation of the energy
signature, was defined by the type of data available and the objectives of
this study. The energy signature method evaluates total energy demand

Density

Mean weekly Outdoor Temperature

Fig. 2. Distribution of mean weekly Outdoor Temperature for the period of
analysis, October 2017 to October 2019. Low and high extremes are identified
using the 5th (5 °C) and 95th (21.5 °C) percentiles of the distribution. Weeks
below or above those limits are classified as ‘extreme’ and highlighted in
dark grey.
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against outdoor temperature at high resolution, daily or hourly, and can
be used to identify a building’s base temperature [32]. The heat dataset
used in this study includes total heat demand but has a weekly resolu-
tion. However, the large number of datapoints (104 weeks) is enough to
perform a linear regression and generate a baseline energy model
(ASHRAE Guideline 14 suggests a minimum of 12 months of data [30]).
Hence, the energy signature method, but with a weekly resolution, was
chosen for this analysis. Additionally, the metric kWh/m? was selected
to allow a direct comparison across one- and two-bedroom flats.

The techniques used to generate the models were linear regression
and change-point linear regression, with Heat Demand (kWh/m?) being
the dependant variable, and mean weekly Outdoor Temperature (°C) the
independent variable. Using the software R Studio, and the ‘Segmented’
package for change point regression models [46], both a linear —
Equation (1) [47]- and a segmented or piece-wise model -Equation (2)
[47]- were fitted to the dataset of each flat. R Studio is an open-source
software which uses R programming language for statistical analysis.
The ‘Segmented’ package performs iterations of the linear model
described in Equation (2) to find the changepoint or changepoints that
result in the best fit for the data; if no changepoint is found it returns a
linear model [47].

Linear model : y = f, + 5, X; (@D)]

Piece — wise model : y = g, X; + f,(X; — ¢), )

Xi — @), =Xi— @) xI(X;> @) I() equals 1 when statement is true

y = dependent variable (Heat Demand)

X; = independent variable (Outdoor Temperature)
B1 = slope of curve before the change point

B2 = slope of curve after the change point

¢ = change-point temperature

For each flat, the choice of a linear or a segmented or piece-wise
model was done by evaluating the coefficient of determination (R?) of
each model; the one with the highest R? was assigned to the flat. Fig. 3
shows an example of the resulting demand models and their charac-
teristics. ASHRAE [30] suggests using R? and CV(RMSE) - Coefficient of
the Variation of the Root Mean Square Error-as measurements of a
model’s goodness of fit for baseline energy models. These are calculated
using equations (3)—(5) [30].

~\2
R=1- 72(;{ ; 1) ®3)
~\2
RMSE — Z;(Y;—yi) (4)
CV(RMSE) :%SE x 100 (5)

The complete dataset of occupied flats (N = 495) was evaluated for a
model fit. Similarly to the work of Bruce-Konuah et al. (2019), a mini-
mum period of occupancy was set, excluding from the analysis flats that
were occupied for less than 24 continuous weeks (6 months). This
resulted in a sample of 482 flats where a model was fitted. Out of this
sample, 20 did not show a discernible pattern and it was not possible to
fit any model. Models were successfully assigned to 462 flats. All models
excluded the weeks classified as ‘extreme’ (mean weekly Outdoor
Temperature of less than 5 °C or higher than 21.5 °C); these data points
were analysed separately.

4.5. Grouping

In order to group the models, the first characteristic evaluated was
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Segmented model

Linear model

w w
- - Base load (DHW) +
g < Total heat load ) S < Weather dependent load (space heating)
IS (DHW + space heating) £
O ~ O ~
=i R SE®
b L Py " o
3 T
X« B, > i o~ Base load (DHW)
- -
§ N~ é E

& & ! ¢ change-point temperature

0 5 10 15 20 0 5 10 15 20

Mean weekly Outdoor Temperature (°C)

Mean weekly Outdoor Temperature (°C)

Fig. 3. Example of flat Heat Demand profiles. The models show the relationship between weekly Heat Demand in kWh/m? and mean weekly Outdoor Temperature.
(a) Linear models do not exhibit a breakpoint, hence the transition between base loads and weather dependent loads is not defined. (b) Segmented models show a
defined transition between base loads only (Domestic Hot Water) and the addition of weather dependent heat loads (space heating). The threshold represents the
value of Outdoor Temperature at which space heating usage commences, which can be defined as a building’s base temperature.

the presence of a breakpoint. Models which did not exhibit breakpoint
were classified as ‘Linear’ (N = 201) and those which did, as
‘Segmented’ (N = 261). For each of these two groups the main charac-
teristics of each model were summarized. The variables assessed were
Rz, CVRMSE, MSE of entire model, MSE of each segment separately (for
segmented models only), slope of linear segment(s), maximum, mini-
mum, and mean weekly heat demand. Pairwise comparison plots sug-
gested MSE (Mean Square Error) of the entire model, CVRMSE and mean
weekly heat demand as potential grouping variables. After performing
spearman correlation tests, MSE showed the most significant correlation
for both types of models (Linear models: S = 4.4 10*!!, p-value < 2.2
107!%; Segmented models: § = 1.3 1072, p-value < 2.2 10716).

In summary, the heat demand models were grouped according to two
characteristics: (i) presence of a breakpoint, meaning whether the model
was either linear or segmented, and (ii) dispersion of datapoints
measured through the Mean Squared Error (MSE) of the data. The upper
and lower quartiles of the MSE were identified as limits to classify the
models into groups of low, medium and high dispersion resulting in six
groups, three Linear and three Segmented. Fig. 4 shows the distribution
of the MSE for each type of model, Linear and Segmented.

The resulting six groups were tested for differences, and the main
characteristics of each were evaluated. The annual Heat Demand was
estimated using the only complete year of monitoring, 2018, following
the method described in CIBSE TM 41 [32] which differentiates

MSE

Linear Segmented

Fig. 4. Mean Squared Error (MSE) by model type. Heat Demand models of 462
flats (201 Linear and 261 Segmented) were classified into low, medium and
high dispersion using the upper (Q3) and lower (Q1) quartiles of the MSE of the
corresponding model type as limits. Segmented models exhibited Q1 and Q3 of
0.05 and 0.20. Linear models exhibited a Q1 and Q3 of 0.02 and 0.19.

non-weather related base loads from weather related ones. The first are
considered constant and the second are normalized to represent the
consumption of a standard year. Based on this procedure, it was assumed
that Heat Demand between the months of June and August is
non-weather related and includes only Domestic Hot Water. For each
flat, the mean Heat Demand in these months was used as a base load and
the difference between this base load and the actual Heat Demand was
considered as space heating. Space heating was scaled by the Standard
Heating Degree Days for the region of the case study (1937 HDD/year).
This differentiation between Domestic Hot Water and space heating
loads was only done with the purpose of normalizing the annual energy
consumption of each flat. The remaining analysis presented in this paper
analyses total Heat Demand, including both Domestic Hot Water and
space heating.

Finally, the distribution of breakpoints in segmented models was
analysed to look for differences across groups, following the works of
Meng et al. [48] and Kane et al. [9]. The breakpoint in the model curve
was identified as the threshold between the heating and non-heating
periods, meaning the base temperature of the flat.

4.6. Impact of extreme weather

Firstly, the relationship between Heat Demand and weather factors
was evaluated through Spearman correlation tests to identify how each
factor affects the different groups. In relation to extreme weather events,
the data points corresponding to weeks identified as extreme lows, were
compared against the trend of the fitted model to evaluate possible
changes in the demand in each group. Additionally, the impact of wind
speed on Heat Demand was evaluated by analysing the patterns of de-
mand on the weeks with the 95th percentile winds.

5. Results & discussion
5.1. Fit of regression models

In the 462 flats where a model was fitted, heat demand was non
normally distributed. Hence, the non-parametric test, Kruskal-Wallis,
was used to test for differences across the six groups, at 0.05 level of
significance. Results indicated a significant difference (X2 = 7076, df =
5p=22 10719) across all groups. Post hoc pairwise comparisons were
performed using Wilcoxon Rank test, showing that the distribution of
Heat Demand was not significantly different across groups with the same
dispersion category (low, medium, or high) and different model type
(Linear or Segmented). This indicates that flats in the same dispersion
category show similar levels of Heat Demand. However, this test does
not evaluate she shape of the model, which is an indication of how the
demand occurs. Consequently, the type of model, Linear or Segmented,
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was still used as a grouping variable, to reflect the shape of the Heat
Demand profile.

As a result, six groups were defined: three Linear, ‘L1-low dispersion’
(N = 50, MSE<0.02), ‘L2 — medium dispersion’ (N = 101, MSE >0.02 &
<0.19) and ‘L3 - high dispersion’ (N = 50, MSE>0.19); and three
Segmented, ‘S1-low dispersion’ (N = 22, MSE<0.05), ‘S2-medium disper-
sion (N = 166, MSE >0.05 & <0.20)’ and ‘S3 -high dispersion’ (N = 73,
MSE>0.20). A summary of the groups characteristics is shown in
Table 1. The datapoints and average demand profile of each are shown
in Fig. 5.

Firstly, R? and CV(RMSE) were used as measurements of goodness of
fit. R? indicates how much of the variation in the dependent variable
(Heat Demand) is explained by the independent variable (Outdoor
Temperature) [32]. The higher the value of RZ, the better the fit. The
ranges of R exhibited in Table 1 are considerably low across all groups,
between 0.08 and 0.68. Despite the low granularity (weekly resolution)
there is high scatter in the data. This is not attributed to problems with
data quality, given the reliability of the data collection method used
(metering readings). Furthermore, the Coefficient of Variation of the
Root mean Square Error CV(RMSE) is also an indicator of uncertainty in
a regression model; lower values signal lower uncertainty. An accept-
able range of CV(RMSE) for baseline energy models based on 12-60
months of monitoring, is 25%-35% [49]. Low dispersion groups - L1 and
S- showed adequate values of CV(RMSE). About a quarter of medium
dispersion groups -L2 and S2-, and half of high dispersion groups — L3
and S3- showed values above 35%. This is reasonable, as the higher the
spread of the data, the higher the uncertainty of the model.

Given these results, it can be assumed that Heat Demand in the flats
is not fully driven by Outdoor Temperature, and further investigation is
needed. The datapoints represents individual behaviour, which leads to
greater variation of Heat Demand, and uncertainty in the models. As a
comparison, a regression analysis was performed at building level for
each of the five tower blocks. The fit of the resulting five models (one for
each tower), measured through R? and CV(RMSE), showed values
ranging from 0.73 to 0.76 and CV(RMSE) from 17% to 20%. At building
level, the large number of flats in each tower (104) is enough to balance
the variability of the individual demand.

Looking further into the regression models fitted, two types can be
observed in Fig. 5: linear and segmented. The first consists of flats where
the trend of the Heat Demand does not change with Outdoor Temper-
ature. The second are flats where the trend of Heat Demand varies,
resulting in a break point in the curve. Additionally, the Outdoor Tem-
perature range observed during mid-season months — March to May and

Table 1
Summary of group characteristics. R? and CVRMSE are used as measurements
of goodness of fit of the models as per ASHRAE Guideline 14 [49].

Group L1 L2 L3 S1 S2 S3
Model type Linear  Segmented
Number of 50 101 50 22 166 73
flats
Weekly Heat Q3 0.66 1.05 2.01 0.64 115 210
Demand
(kWh/m®)
Median  0.47 0.78 1.26 0.46 0.74 1.20
Q1 0.31 0.54 0.73 0.34 0.47 0.65
R? Q3 0.26  0.34 0.47 0.48 0.62 0.68
Median 0.17 0.23 0.30 0.39 0.51 0.59
Q1 0.08 0.08 0.20 0.29 0.38 0.43
CV (RMSE) Q3 24 43 55 33 42 46
Median 20 33 44 25 34 39
Q1 16 25 37 22 29 33
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September to November —is highlighted in grey. Values above the
maximum range are expected to be weeks where there is no need for
space heating, whereas values below correspond to weeks where there
is. The recorded mean weekly temperature during those months ranged
from 8.5 °C to 17.5 °C. As a comparison, a Test Reference Year weather
file for the same location (Southampton, UK) showed mean weekly
temperatures during mid-season months from 3 °C to 15.1 °C [50].

Furthermore, the shape of the segment is an indication of the type of
demand. Flat or shallow segments with low variability correspond to a
type of demand that is not dependent from outdoor temperature and
hence can be interpreted as Domestic Hot Water demand. In contrast,
steep segments show a high correlation between Heat Demand and
Outdoor Temperature and can be interpreted as periods that include
space heating in addition to Domestic Hot Water. A study by Lomas &
Kane [51] showed that the majority of UK households turn their heating
off during summer months, but a small proportion, mostly elderly in-
dividuals, still use some form of space heating. Summer heating was also
reported in the Energy Follow Up Survey [21]. Consequently, at high
outdoor temperatures, it is most likely to see flat segments, but steep
segments are possible as well.

5.2. Group characteristics

One of the main characteristic analyzed for each group, was the
normalized annual Heat Demand, in kWh/m?yr. This was estimated
following the method described in CIBSE TM 41 [32] which differetiates
Domestic Hot Water and space heating demand, as explained in the
Study Section . Results were summarized by group, resulting in the
distributions shown in Fig. 6. The group with the lowest heat demand is
‘L1 - low dispersion’ (N = 50). Households in this group do not manifest
a correlation between Heat Demand and Outdoor Temperature and
show a median heat consumption of 21 kWh/m? year (Table 1).
Considering that the average Domestic Hot Water demand in UK
households is of 55 kWh,/m? [52] it can be assumed these flats do not use
heat for space heating, only DHW. Differences in DHW demand across
flats may be related to the number of occupants [53], as this group in-
cludes both one and two bedroom flats. Group ‘L1’ comprises 11% of the
household sample analysed, which is five times higher than the average
percentage of non-heating English households (2%) reported in the
Energy Follow up Survey [21]. A high percentage of no heating house-
holds could be a reflection of the towers being highly insulated.

As an example, out of the 10 flats where indoor monitoring took
place, one belonged to group L1. This one-bedroom flat showed a Heat
Demand of 12 kWh/m? year and mean indoor temperatures during
winter months of 17.6 °C and 18.8 °C in the lounge and bedroom, which
are below or just in the limit of what is considerable healthy
(18.5 °C-21 °C). In this case, the resident reported to not opening
windows during winter months and not using space heating because
they liked cold temperatures. However, this is not necessarily the case
for all residents. If a lack of space heating demand is caused by occu-
pant’s financial constraints, it could be a worrying sign for the City
Council who manages the properties and needs to assure affordable
living conditions for its residents. Unfortunately, with the limited in-
formation available, it is not possible to identify the cause of such a high
number of non-heating properties in the site.

In contrast to group ‘L1’, all other groups show an increase of Heat
Demand with lower Outdoor Temperature, suggesting that these
households do use space heating. Linear groups ‘L2-medium dis-
persion’(N = 101) and ‘L3-high dispersion’(N = 50) represent 33% of
flats and show median Heat Demands of 37 kWh/m?yr and 69 kWh/
m?yr. These are households with ‘irregular demand’ meaning that there
is no identifiable change in the correlation between Heat Demand and
Outdoor Temperature. As a comparison, the Energy Follow up Survey
[21] reports that 27% of houses in England use heating in a non-regular
manner. Of the 10 flats with indoor monitoring, 2 correspond to group
L2 and two to group L3. The mean indoor temperatures during winter
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months in flats from group L2 were of 18.8 °C and 20.9 °C for the lounge
and main bedroom, and of 22.2 °C and 24.9 °C for lounge and main
bedroom in group L3. These results suggest that comfortable indoor
temperatures in winter are achievable with a very low space heating
demand, indicating that the thermal performance of the building is very
good.

The remaining 56% (N = 261) corresponds to segmented groups ‘S1-
low dispersion’, ‘S2-medium dispersion’ and ‘S3-high dispersion’, which
exhibit changes in both the trend and dispersion of data points at a
certain range of Outdoor Temperature, and can hence be classified as
‘regular consumers’ (The Energy Follow up Survey [21] reports that
71% of houses in England use heating in a regular manner). The largest
segmented group,‘S2-medium dispersion’ (N = 166), shows a median of
43 kWh/m?yr. In contrast, the smallest group is ‘S1-low dispersion’ (N
= 22), where the median Heat Demand is of 25 kWh/m?yr. Finally,
group ‘S3-high dispersion” (N = 73) has the highest median Heat De-
mand amongst all groups —77 kWh/m?yr-. One of the monitored flats
corresponded to group S1 and another to S2. The flat in S1 showed
median ambient temperatures of 18 °C and 18.8 °C in the lounge and
main bedroom, and the flat in group S2, of 20.4 °C and 22 °C
respectively.

As a whole, Heat Demand was very low across all groups, with me-
dians between 20 and 80 kWh/m? yr. As a comparison, new buildings
that are compliant with UK Building Regulations are expected to have a
total Heat Demand between 115 and 135 kWh/m?> yr [52]. In terms of
the length of the heating season, this was only estimated for groups that
exhibit a segmented model, ‘S1°, ‘S2’and ‘S3’. Space heating was
considered ‘ON’ only in weeks in the second segment of the curve, and if
Heat Demand was higher than the median of the first segment (median
Domestic Hot Water demand). It should be noted that this calculation
did not consider continuity, but the overall sum of weeks where the
heating was on. After normalizing the sums for an average year (HDD =
1937), the resulting lengths of the heating season were of 17.3 (group
S1), 23.7 (group S2) and 27.7 (group S3) weeks per year. The Energy
Follow up Survey [21] estimates that the length of the heating for
households with central heating is of 5.6 months (22.4 weeks).

The low heat demand and the variability of the heating season length
observed could be the result of multiple factors: building envelope, flat
orientation, household characteristics such as number of inhabitants and
level of income, and occupant’s behaviour, household occupancy and
thermal preferences [17]. Regarding building characteristics, social
housing dwellings rank high in energy efficiency when compared to
other UK households [40], and the towers analysed meet strict perfor-
mance standards. Consequently, a low heat demand seems reasonable
for the case study (see Fig. 6).

Concerning orientation and layout, the only information available
for all flats is their location within the building. As indicated in Fig. 1,
there are eight types of flats based on their configuration (one or two
bedroom) and orientation (South-East, South-West, North-East and
North-West). A chi-square test of independence was used to evaluate the
relationship between group and type of flat. At a 0.05 level of signifi-
cance, there was not enough evidence to confirm a significant rela-
tionship (X2 = 28.4, df = 35, p = 0.8), meaning that flat type cannot not
be used as a predictor for group type. However, the distribution of flat
types across groups is still of interest to evaluate the building’s perfor-
mance. Fig. 7 displays the type of heat demand profile group (L1, L2, L3,
S1, S2 and S3) for each flat type (8 types as depicted in Fig. 1). As ex-
pected, the flats with the lowest number of ‘No heating’ flats (group L1)
are North corner flats, two-bedroom Northwest & Northeast, which have
the least solar gains and larger exposed surface.

5.3. Seasonal behaviour
In order to understand the transition from the ‘heating off’ to

‘heating on’ periods, two characteristics of the models were evaluated:
dispersion and location of the breakpoint (if present). In this study, the
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Mean Square Error -MSE-is used to evaluate of the spread of the data-
points in each model. The MSE of each model was binned for every 2 °C,
resulting in the profiles observed in Fig. 8. All groups but ‘L1-low
dispersion’ show a variation of MSE across Outdoor Temperature,
exhibiting lower dispersion at higher values of Outdoor Temperature
where space heating demand is unlikely. The highest heat consumers
-groups S3, and L3 - show a higher spread of heat demand both at the
start of the mid-season — 17 to 13 °C - and at extreme values- less than
6 °C. This could suggest that some models should include an additional
breakpoint. In contrast, the lowest and medium heat consumers — groups
S1, L2 and S2- show a lower spread at lower Outdoor Temperature,
suggesting that Heat Demand reaches a plateau and stops being reactive
to outdoor temperature.

Regarding the transition between the non-heating and heating pe-
riods, the impact of both group and flat type on the change-point was
evaluated for segmented groups ‘Sl-low dispersion’, ‘S2-medium
dispersion’ and ‘S3- high dispersion’. There were significant differences
in the breakpoints across groups at 0.05 level of significance (X2 =19.1,
df = 2, p = 7.1 107°). Additionally, post hoc comparisons showed that
the distribution of breakpoints was significantly different across all
group combinations. In an energy signature model, the breakpoint can
be interpreted as the base temperature of a building and serves as an
indication of its thermal performance. In this analysis, the breakpoint
temperature was obtained for each flat individually, and at building
level. Fig. 9 shows the distribution of flat breakpoints across the three
segmented groups, all of which resulted non-normal.

The first characteristic observed in the distributions is that in all
groups, most breakpoints lie within the mid-season area marked in grey.
Additionally, in almost 50% of flats, breakpoints fall in the range of
12 °C-14 °C. The main difference across the groups is the shape of the
distribution. Groups ‘S1 and ‘S2’, show a left skewed curve with around
70% of breakpoints below 14 °C. These are ‘late heaters’ with a second
peak around 10 °C. In contrast, group ‘S3’ shows a more normal dis-
tribution, with 50% of breakpoints between 12 °C and 15 °C. Group S3
consists of high consumers which can be classified as ‘early heaters’.

At building level, a regression analysis for each of the five towers
yielded a mean breakpoint temperature of 13.3 °C, which coincides with
the findings for half of the flat sample. The standard base temperature
used in the UK for Degree Days calculations is of 15.5 °C [32]; using
standard assumptions would lead to overestimating the heating demand
in these buildings. Literature suggests that using building specific base
temperatures is a better approach for building energy modelling [32,
48].
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5.4. Effect of extreme weather

The relationship between heat demand and three weather factors,
outdoor temperature, solar radiation, and wind speed, was first evalu-
ated for all the flats (N = 462) for the entire period of monitoring
(October 2017 to October 2019). The results from Spearman correlation
tests between the observed Heat Demand of each flat in the six groups,
and weather factors are shown in Fig. 10. The distributions of the cor-
relation factors were very similar for outdoor temperature and solar
radiation indicating that both have an impact on Heat Demand. As ex-
pected, group ‘L1-low dispersion’ exhibited the smallest correlation

factors. The largest segmented group, ‘S3-high dispersion’ was the most’
reactive’ to outdoor temperature and solar radiation. Furthermore,
linear groups ‘L2-medium dispersion’ and ‘L3-high dispersion’ exhibited
a higher spread of correlation factors than all the other groups. Finally,
regarding wind speed, correlation factors were low or close to null
across all groups. This is surprising given the intensity of wind speed on
site and the level of exposure of the facades, but suggests that heat loss
through thermal bridges and ventilation losses in the building is low.
Furthermore, the effect of extreme weather conditions was evaluated
by analysing the heat demand for both weeks with high winds, and for
the four weeks classified as ‘extreme low’ temperatures, which include
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Fig. 10. Spearman correlations for weather factors and heat demand from October 2017 to October 2019. Distribution of correlation factors between weekly means
of outdoor temperature, solar radiation and wind speed, and heat demand per group.

three weeks during the 2018 storm “The Beast from the East”. Con-
cerning winds speeds, Heat Demand during weeks with speeds above the
95th percentile - 3.8 m/s-were evaluated, but no correlation was found.
Regarding the ‘extreme low’ weeks, the observed Heat Demand of each
flat was compared to that predicted by each model for each week. When
evaluating Heat Demand during these weeks, it is important to consider
that the 2018 storm not only involved lower temperatures, but also the
amount of snowfall meant that most people stayed inside their homes.
Hence, in some households, the change in demand could be a result of
outdoor conditions as well as the change in household occupancy.

The distributions of observed and fitted values of each group were
tested for differences through a Wilcoxon Signed-Rank Test, which re-
sults are shown in Table 2. Groups ‘L1-low dispersion’, ‘L2-medium
dispersion’ and ‘S1-low dispersion’ did not show significant difference
between observed and predicted Heat Demand (p value > 0.05). This
suggests that the household heating behaviour remained as per previous
weeks, which doesn’t mean that there was not an increase in the heat
demand, but that the ratio of Heat Demand against Outdoor Tempera-
ture remained the same. This is reasonable for flats in groups L1 and S1
which are the lowest consumers, and least reactive to Outdoor Tem-
perature. Groups ‘L3-high dispersion’, ‘S2-medium dispersion’ and ‘S3-
high dispersion’ did show a significant difference between observed and
predicted heat demand (p value < 0.05) and the median of observed
Heat Demand was lower than the predicted in all groups. None of the
groups showed a significant increase in Heat Demand during extreme
low temperature weeks.

Looking further into the deviation between observed demand and
predicted, Fig. 11 shows the distribution of the differences between the
distributions of these two values. A difference of zero means that the
demand was as predicted, a positive value means that observed Heat
Demand was higher than predicted for that Outdoor Temperature, and a
negative less. Firstly, in groups ‘L1’ and ‘S1’ most flats did not show a
change in their Heat Demand, meaning that they continued to not use

Table 2

Results of Wilcoxon Rank Sum tests for differences between observed and pre-
dicted Heat Demand during four extreme low temperature weeks identified in
Section 3.2. At a 0.05 level of significance, p values lowers than this limit are an
indicator of a significant difference between the actual demand and that pre-
dicted by the model.

Median Heat Demand kWh/m? week V (test statistic) p value
Observed Predicted

L1 0.53 0.52 12050 0.105

L2 0.98 0.98 39581 0.166

L3 1.95 2.12 12888 0.0201

S1 0.67 0.74 1224 0.160

$2 1.27 1.50 134516 1.50e 14 *

S3 2.46 2.90 38435 4.54e71% %

*p value < 0.05.
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their heating or use very little. It is possible that the one-bedroom flats in
this group benefit from ‘parasitic heat’ from adjacent flats. Heat usage
and transmission from other flats would be particularly high during a
week with high occupancy and low temperatures. Regarding the flats in
group S1 which did show a change, they increased their weekly heat
demand by less than 0.30 kWh/m?, almost doubling their normal heat
usage.

Moreover, in group ‘L2-medium dispersion’ 50% of flats exhibited
little or no change — 0.30 kWh/m? or less-, 25% a decrease of up to 1
kWh/m?, and 25% an increase of up to 1 kWh/m?. Finally, all three
groups that showed a significant difference between observed and pre-
dicted demand, exhibit a left skewed distribution, meaning that most
flats consumed less than predicted by the model. This could be an
indication that Heat Demand has reached a plateau and another
breakpoint is needed in the models. It is very unlikely that this plateau or
maximum Heat Demand is caused by the system reaching its maximum
capacity. The heat exchangers in the flat have a capacity of 31 kW,
which if run at full capacity during a week would result in a demand
almost 40 times higher than the observed in the flats. Possible reasons
behind the plateau could be indoor temperature reaching a comfort level
or that residents maximizing their credit; but without more information
it is not possible to pinpoint the cause.

6. Conclusion

In this study, a bottom-up approach was applied to explore the
relationship between Heat Demand (including Domestic Hot Water and
space heating) and weather, in the context of a social housing complex in
the United Kingdom. The case study consisted of a highly controlled
environment; five identical tower blocks monitored for two years. Linear
and segmented regression models were fitted to 462 flats and the overall
heat demand, as well as the transition between the heating and non-
heating periods, were evaluated.

The regression analysis discovers six distinct types of heat demand
profiles and differences against standard assumptions, such as the low
level of heat demand (between 20 and 80 kWh/m?yr), the high pro-
portion of households that do not use space heating at all (11% of the
analysed flats) and a base temperature that varies across the type of
profile. Considering that all the building of the case study analysed are in
the same location and have identical physical properties, it is surprising
to find such variability. The type of flat, determined by area and
orientation, was not found to be significant. Consequently, the authors
attribute the heterogeneity of the heat demand to occupant behaviour.

These results support the need to have a more diversified approach to
energy modelling and consider different types of consumers. In view of
Net zero policies and targets, it is paramount to accurately predict
building’s energy demand, and avoid over estimation which is of com-
mon occurrence for social housing properties.

Furthermore, the analysis of the demand during weeks of extremely
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Fig. 11. Distribution of models’ residuals during weeks of extreme low temperature. Residuals are the difference between observed and predicted Heat Demand by
the model of each flat. Positive values indicate that the heat demand was larger than predicted; negative values that it was lower. The weeks classified as extreme low
temperature include the episode of the storm ‘the Beast from the East’ in February-March 2018.

low temperatures showed that lowest consuming flats did not change
their heat demand behaviour, whereas the highest consumers used less
energy than expected, meaning that the demand reached a plateau.
Trying to understand the behavioural response of fuel vulnerable
households to changes in ambient temperature has important implica-
tions for policy makers and health in the social housing sector. By dis-
aggregating data in heat demand modelling, we can evaluate different
types of consumer behaviour and tailor policies.

Overall, this study highlights the heterogeneity in the heat demand
in five social housing tower blocks and the need to move away from
averages, looking at population distributions in terms of their behaviour
instead. In the current context of rising fuel and energy prices, under-
standing the behaviour of low-income households is of utmost impor-
tance to reduce the risk of fuel poverty.

7. Limitations & future research

The analysis presented is limited by the data available. Firstly, the
weekly resolution of the heating dataset does restrict the accuracy of the
models and in particular the determination of the curve breakpoint for
segmented models. Additionally, the lack of information on occupant
behaviour and thermal comfort constraints the analysis. Future research
should focus on collecting this information from a representative sam-
ple, including monitoring of indoor temperature and ventilation patters
as well as occupants’ sociodemographic characteristics.
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