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ABSTRACT
Bottom-up engineering-based housing stock models
play a useful role in assessing the impact of retrofits for
residential buildings. Such models require calibrating,
using micro-level energy measurements, to improve
model accuracy; however, the only publicly available
data for the UK housing stock is at the macro-level.
This paper outlines a method for using macro-level
data to calibrate micro-level models. A combination
of regression analysis and Bayesian inference is pro-
posed. The result is a Bayesian regression method that
generates estimates of the average energy use for dif-
ferent dwelling types, whilst quantifying uncertainty
in the empirical energy data and the generated energy
estimates.

INTRODUCTION
Engineering-based housing stock energy models, such
as those described in (Swan and Ugursal, 2009) and
(Kavgic et al., 2010), can play a role in providing de-
cision makers with a cost-benefit analysis of different
retrofit options at a macro-level (i.e. at a district or city
scale). Such models are “bottom-up”, in the sense that
they model end-use energy demand at a micro-level
(i.e. for an individual building) and then aggregate a
set of individual energy demands in order to provide
an estimate for the energy use at a macro-level.
In order to improve the accuracy of engineering-based
housing stock models, calibration of the input parame-
ters is required. In addition, the uncertainty associated
with these inputs - along with other sources of uncer-
tainty, as described in (Spiegelhalter and Best, 2003)
- should be accounted for and quantified in order to
display risks to decision makers. Bayesian calibration
methods, e.g. (Kennedy and O’Hagan, 2001), can be
used to incorporate such uncertainties into the calibra-
tion process.
Calibration is achieved by comparing model outputs
against measured data. This is often done via an it-
erative procedure of trial-and-error. A Bayesian ap-
proach is more suitable because it enables quantifica-
tion of the uncertainty in the input parameters. Uncer-
tainties in input parameters can be propagated through
the housing stock model to evaluate the relative risk of
different retrofit technologies in meeting energy sav-
ing targets. In addition, Bayesian methods reduce the
amount of empirical data that is needed for calibration
by utilising prior knowledge; nevertheless, some ob-

served data is still needed. Specifically, measured data
is needed that is of the same resolution as the output
of the model. For example, calibration of bottom-up
engineering-based models of residential energy use,
which model energy demand at the building level, re-
quire energy consumption data of individual buildings.
Such high-resolution data, however, is difficult to ob-
tain for the UK housing stock: energy data is not pub-
lic ally available for individual dwellings; utility com-
panies are restricted in what information that can pro-
vide at the micro-level due to confidentially; conduct-
ing a longitudinal study of energy use for a sample of
dwellings that is representative of the housing stock is
expensive and time-consuming. Indeed, a review of
bottom-up engineering-based residential energy mod-
els in (Kavgic et al., 2010) concludes that the lack of
publicly available energy consumption data is one of
the main barriers to the future development of robust
housing stock models.
Whilst energy consumption data is not easily obtain-
able at the micro-level, i.e. at the level of individ-
ual buildings, publically available energy data is avail-
able in the UK at the macro-level, i.e. at an aggre-
gated level for hundreds of dwellings. In this paper,
we examine ways of utilising macro-level data in or-
der to calibrate micro-level models. A Bayesian re-
gression analysis is proposed as a method for generat-
ing estimates of the energy consumption for different
dwelling types. These energy consumption estimates
can then be used to calibrate uncertain parameters in a
bottom-up engineering-based model.

METHOD
Data sources
Macro-level data is publicly available for residential
energy consumption in the UK in the form of domes-
tic gas and electricity consumption data from the De-
partment of Energy and Climate Change (DECC)1.
This data is available at two different resolutions: for
the middle layer super output area (MLSOA) and the
lower level super output area (LLSOA). The MLSOA
and the LLSOA are classifications used by the Office
for National Statistics (ONS) to define an area, based
upon an equal population. This equates to approxi-
mately 3000 households for each MLSOA and 600
households for each LLSOA. In this study we focus
on the use of LLSOA data, since it is the highest reso-

1Gas and electricity consumption data from DECC

Proceedings of Building Simulation 2011: 
12th Conference of International Building Performance Simulation Association, Sydney, 14-16 November. 

- 641 -

www.decc.gov.uk/en/content/cms/statistics/regional/mlsoa_llsoa/mlsoa_llsoa.aspx


lution data that is publicly available.
Dimensions of dwellings can be obtained from geo-
graphic information and mapping sources, which in-
clude the footprint area of a building as well as a its
height, which is obtained using LIDAR2 technology.
In addition, building class data for each dwelling can
also be obtained, which includes information on the
building type (i.e. semi-detached, detached, terraced,
flat, etc.) and the building age (i.e. age band of con-
struction) from architectural surveys. These two data
sources of the building dimensions and the building
class can be combined into one database using geospa-
tial information system (GIS) software.

Bayesian regression
If the number of available data points for energy con-
sumption (N ) is equal to or greater than the num-
ber of defined building classes (P ), i.e. N > P ,
then a linear regression model can be used to relate
the total energy consumption for a set of LLSOAs
(E = [E1, E2, . . . , EN ]), the average energy intensity
for a building class (e = [e1, e2, . . . , eM ]), and the to-
tal floor areas for the building classes in the LLSOAs
(X):

E = eX+ ! (1)

where:

Ei =
P!

j=1

(ejxij) + !i (2)

In (2), Ei is the known energy consumption (in
kWh/year) for the ith LLSOA, xij is the known to-
tal floor area (in m2) for building class j in LLSOA
i, and ej is the unknown average energy intensity (in
kWh/m2/year) for a building class j. ! is a random er-
ror term that takes into account the difference between
the observed data, E, and the predictions from the lin-
ear approximation, eX.
The energy data (Ei) and floor areas (xij) were both
normalised by the total floor area for each LLSOA
(
"P

j=1
xij) for this study in order to improve compar-

ison between the empirical energy data and the energy
intensities for the building classes. The normalised
energy data was therefore in units of kWh/m2/year,
whilst the normalised floor areas are dimensionless
variables representing the fraction of the total floor
area for each LLSOA that a specific building class rep-
resented.
An ordinary least squares (OLS) method can be used
to estimate the unknown regression coefficients, e, by
minimising the sum of the square of the error terms
(
"N

i=1
!2i ). In this way, estimates for the average en-

ergy intensities of a variety of notional building classes
(e = [e1, e2, . . . , eP ]) could be obtained in princi-

2Light Detection And Ranging

ple from macro-level energy consumption data (E =
[E1, E2, . . . , EN ]).
Regression techniques have been used in previ-
ous studies to develop bottom-up housing stock
models, and a number of these are discussed in
(Swan and Ugursal, 2009). A linear regression model
and OLS estimate, however, has two main flaws:
firstly, the energy intensity estimates (i.e. the un-
known regression coefficients) from the OLS method
are not constrained, therefore physically impossible
values (i.e. ej < 0) or highly improbable values
(i.e. very small or extremely large energy intensity
estimates) can be generated; secondly, linear regres-
sion models do not accurately quantify the uncertainty
that is involved in the analysis. For example, the OLS
method returns a singular set of estimated values for
the regression coefficients (e) along with confidence
intervals, rather than providing a distribution of pos-
sible values that quantifies the probability of a set of
energy intensity estimates given the empirical energy
consumption data, E, and measured building class ar-
eas, X. In addition, there is uncertainty over the ac-
curacy of the empirical energy consumption data it-
self, due to the method by which it is collected, which
should also be quantified accurately.
Both of these flaws can be addressed using a Bayesian
approach, which incorporates prior knowledge and the
effects of uncertainty into the regression analysis, as
described in (Caves et al., 1987). With a Bayesian re-
gression analysis, impossible or highly improbable es-
timates of energy intensities can be avoided by spec-
ifying prior distributions for the energy intensity of
each building class ej . Not only does the use of prior
distributions eliminate the possibility of obtaining im-
possible values for energy intensity estimates, but they
also allow for prior beliefs and expert judgement to
be incorporated into the regression analysis along with
the empirical data.
The Bayesian approach also allows for uncertainty
over the empirical data to be taken into account and
accurately quantified. In order to implement the
Bayesian approach and quantify the uncertainty in the
empirical energy data, the notation for the regression
model can be altered to the following form:

Ei ! N(µi,") (3)

µi =
P!

j=1

(ejxij) (4)

The empirical energy data is assumed to be stochas-
tically drawn from a normal distribution, as shown in
(3), with a mean value that is obtained from the regres-
sion model (µi) given in (4) and an unknown standard
deviation ". The use of a normal distribution for Ei

in (3) assumes that any measurement error associated
with the empirical energy data is unbiased.
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To run the Bayesian inference, the Bayesian mod-
elling software WinBUGS3 was used (see (Lunn et al.,
2000)), which is based upon Markov Chain Monte
Carlo (MCMC) methods. Prior distributions were
assigned to all uncertain parameters - e =
[e1, e2, . . . , eP ] and " - and Bayesian inference was
used to compare the regression model outputs against
the empirical energy data (E = [E1, E2, . . . , EN ]),
producing a posterior distribution for the energy inten-
sities, e, and ". The posterior distributions for the en-
ergy intensities (e = [e1, e2, . . . , eP ]) can then be used
to provide a series of samples that act as “virtual ob-
servations” to calibrate a bottom-up engineering-based
model of residential energy consumption. Thus the
macro-level energy consumption data can be used to
generate “observations” for calibrating a micro-level
energy model.

Case study
For this study, domestic gas and electricity consump-
tion data from 2008 at the LLSOA was used. The area
of Salford in Greater Manchester, UK, containing a
total of 144 LLSOAs, was chosen as a case study ex-
ample. The gas and electricity consumption data was
summed to derive the total annual energy consumption
for each LLSOA and outlying values were removed,
giving a total of 137 LLSOA energy data points - i.e.
N = 137

The building class for each dwelling was obtained
from the results of an architectural survey that were
recorded in geospatial mapping data4, giving the struc-
tural type and construction period of each building.
Similar dwelling types were merged into a single
classification, whilst infrequently occurring building
classes were considered negligible and were discarded
from the analysis. This resulted in a total of 21
building classes (i.e. P = 21), consisting of four
structural types (flats, terraced houses, semi-detached
houses, and detached houses) and five construction pe-
riods (1870-1914, 1914-1945, 1945-1964, 1964-1979,
1979-present) as well as modern cottage flats.
Geospatial mapping data also provides the footprint
floor areas (in m2) and building heights (in m) for all
dwellings in the Salford area. An average floor height
of 3.0m was assumed to calculate the number of floors
per dwelling, and this value was multiplied by the foot-
print floor area to obtain a value of the total floor area
for each dwelling. GIS software was used to calculate
the total floor area for each building class in each LL-
SOA (xij), resulting in an X matrix with dimensions
[N,P ].
Details of the 21 building classes are given in Table 1,
including the structural type and the construction age
for each class. In addition, Table 1 shows the relative
dominance of each building class by giving the total
floor area for each building class as a percentage of the

3www.mrc-bsu.cam.ac.uk/bugs/
4mapping data from UKMap by The GeoInformation Group

total floor area for all dwellings in the Salford area. It
can be seen that three building classes dominant the
housing stock for this case study - pre-1914 terraced
houses (building class 2), 1914-1945 semi-detached
houses (building class 7), and 1945-1964 flats (build-
ing class 11) - which between them account for 57.5%
of the total floor area of dwellings in Salford.
Prior information on the energy intensity for each
building class (ej) was obtained from three sources:
1. Predictions given by the Community Domestic
Energy Model (CDEM) outlined in Firth et al.
(2010), which gives estimates of the energy use
by built form for the 2001 English housing stock,
along with the average dwelling total floor area
for each built form.

2. Domestic energy benchmarks from the Energy
Savings Trust5 (EST).

3. Predictions given by a engineering-based, build-
ing level domestic energy model using the as-
sessment methodology provided by the CEN-ISO
standards6.

The CDEM and EST sources give similar estimates for
the energy intensity per building class, with an average
energy intensity of approximately 260kWh/m2/year
across all housing types, whilst the CEN-ISO based
model predictions gave estimates that were signif-
icantly lower, with an average of approximately
160kWh/m2/year. The main reason for this is that
the CDEM model predictions and EST benchmarks
are based upon the assumption that: (a) dwellings
are heated to the recommended internal tempera-
ture of 21!C; (b) 100% of the total floor area is
heated. These conditions are unlikely to be true
in many lower income households, as discussed in
(Milne and Boardman, 2000) and (Oreszczyn et al.,
2006), and the CEN-ISO based model accounts for
this.
Instead of combining all these sources of information
into one set of priors, two separate sets of priors were
used - one set based upon a combination of the infor-
mation given by the CDEM predictions and the EST
benchmarks, and another set based upon the predic-
tions from the CEN-ISO based model.
In addition, for both sets of prior information, two sep-
arate distributions were tested - one set of # (beta) dis-
tributions and another set of $ (gamma) distributions
- to examine the effect of different priors on the re-
sultant set of posteriors. The main difference in the #
and $ distributions is in their bounding - # distribu-
tions7 are bound between 0 and 1, therefore all energy

5reports CE189 and CE190 from the Energy Saving Trust
6based on the Energy Performance Standard Calculation Toolkit

developed at Georgia Tech, a quasi-steady state end-use energy
model. The CEN-ISO standards are a calculation methodology
outlined by the European Committee for Standardisation (CEN)
and the International Organisation for Standardisation (ISO)

7f(x) = 1
B(!1,!2)

x!1!1(1! x)!2!1, where B is the Beta
function
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Table 1: Case study building classes and prior information

Building
class

Structural
type

Construction
age

% of total
floor area,!N

i=1
xij!

N
i=1

!
P
j=1

xij

Prior set 1: CDEM predictions and EST benchmarks

Mean energy
intensity, ēj
(kWh/m2/year)

" parameters7 # parameters8

$1 $2 a b
1 Flat 1870-1914 0.4 260 41 59 50 5.2
2 Terraced 1870-1914 21.1 270 43 57 50 5.4
3 Semi 1870-1914 4.2 290 48 52 50 5.8
4 Detached 1870-1914 5.0 300 50 50 50 6.0
5 Flat 1914-1945 0.3 250 39 61 50 5.0
6 Terraced 1914-1945 0.2 260 41 59 50 5.2
7 Semi 1914-1945 25.9 280 46 54 50 5.6
8 Detached 1914-1945 2.0 290 48 52 50 5.8
9 Flat 1945-1964 1.8 240 37 63 50 4.8
10 Terraced 1945-1964 1.4 250 39 61 50 5.0
11 Semi 1945-1964 10.5 270 43 57 50 5.4
12 Detached 1945-1964 0.4 280 46 54 50 5.6
13 Flat 1964-1979 3.2 230 34 66 50 4.6
14 Terraced 1964-1979 5.4 240 37 63 50 4.8
15 Semi 1964-1979 3.9 260 41 59 50 5.2
16 Detached 1964-1979 3.0 270 43 57 50 5.4
17 Flat 1979-2011 1.0 220 32 68 50 4.4
18 Terraced 1979-2011 1.4 230 34 66 50 4.6
19 Cottage flat 1979-2011 4.3 220 32 68 50 4.4
20 Semi 1979-2011 1.4 250 39 61 50 5.0
21 Detached 1979-2011 3.4 260 41 59 50 5.2

Building
class

Structural
type

Construction
age

% of total
floor area,!N

i=1
xij!

N
i=1

!
P
j=1

xij

Prior set 2: predictions from CEN-ISO based model

Mean energy
intensity, ēj
(kWh/m2/year)

" parameters7 # parameters8

$1 $2 a b
1 Flat 1870-1914 0.4 160 19 81 50 3.2
2 Terraced 1870-1914 21.1 170 21 79 50 3.4
3 Semi 1870-1914 4.2 190 26 74 50 3.8
4 Detached 1870-1914 5.0 200 28 72 50 4.0
5 Flat 1914-1945 0.3 150 17 83 50 3.0
6 Terraced 1914-1945 0.2 160 19 81 50 3.2
7 Semi 1914-1945 25.9 180 23 77 50 3.6
8 Detached 1914-1945 2.0 190 26 74 50 3.8
9 Flat 1945-1964 1.8 140 14 86 50 2.8
10 Terraced 1945-1964 1.4 150 17 83 50 3.0
11 Semi 1945-1964 10.5 170 21 79 50 3.4
12 Detached 1945-1964 0.4 180 23 77 50 3.6
13 Flat 1964-1979 3.2 130 12 88 50 2.6
14 Terraced 1964-1979 5.4 140 14 86 50 2.8
15 Semi 1964-1979 3.9 160 19 81 50 3.2
16 Detached 1964-1979 3.0 170 21 79 50 3.4
17 Flat 1979-2011 1.0 120 10 90 50 2.4
18 Terraced 1979-2011 1.4 130 12 88 50 2.6
19 Cottage flat 1979-2011 4.3 120 10 90 50 2.4
20 Semi 1979-2011 1.4 150 17 83 50 3.0
21 Detached 1979-2011 3.4 160 19 81 50 3.2
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consumption and energy intensity values have to be
scaled, whilst $ distributions8 are only given a lower
bound of zero, with no upper bound, therefore no scal-
ing is required. This gave a total of four sets of pri-
ors - two sets of # distributions for the CDEM / EST
sources and for the CEN-ISO based model predictions,
and two sets of $ distributions.
Prior information was also specified for ", the un-
known standard deviation shown in (3). The prior for
" was the same in all cases, and was specified using a
$ distribution8 as follows:

% ! $(a = 10, b = 0.01) (5)

where: % = 1

!2

This equates to a low expected value for the prior of
" of approximately 3kWh/m2/year, but with a large
spread of possible values.
Information on the priors for all 21 building classes,
including the mean energy intensity of the prior distri-
butions, and the values of &1 and &2 for the # distri-
butions and a and b for the $ distributions, is shown in
Table 1.

RESULTS AND DISCUSSION
Energy intensity posteriors
The results of the Bayesian regression can be seen in
Figure 1, which shows the posterior and prior distribu-
tions for the energy intensities of all building classes
using the # distribution priors (see Table 1). #1 is the
set of energy intensities for the CDEM predictions and
EST benchmarks, whilst #2 is the set for the predic-
tions from the CEN-ISO based model. Results for the
Bayesian regression using the $ distribution are simi-
lar and are not shown in their entirety to avoid duplica-
tion; however, an example is shown in Figure 2 of the
prior and posterior distributions of energy intensity for
1914-1964 semi-detached houses (e7) using $ priors,
whilst a comparison between the use of # and $ distri-
butions is shown for prior set 1 for the same building
class, e7, in Figure 3.
The key feature to note in Figure 1 is that the dis-
tributions of energy intensity that are most strongly
affected in the Bayesian regression are those for the
most dominant building classes (i.e. pre-1914 terraced
houses, e2, and 1914-1945 semi-detached houses, e7,
and 1945-1964 flats, e11). For these dominant build-
ing classes, it can be seen that similar identical poste-
riors are derived from the Bayesian regression, despite
the difference in the prior distributions. In particular,
it can be seen that posteriors of energy intensity for
the most dominant building class - 1914-1945 semi-
detached houses, e7, which makes up of 25% of the
total floor area for dwellings in Salford - are almost
identical.
In addition, the least dominant building classes show

8f(x) = xa!1

ba!(a) exp(
!x
b
), where ! is the Gamma function

little difference between the priors and the posteri-
ors. This indicates that the Bayesian regression is
greatly strengthened by the increased availability of in-
formation. The stronger and more robust the available
observed information is, the less influential the sub-
jective information of the prior distribution becomes.
The dominant building classes are found in a greater
number of LLSOAs, therefore the energy intensity for
these building classes can be estimated with more cer-
tainty by comparing the differences in the floor ar-
eas and energy consumption between the various LL-
SOAs. Conversely, it is also the case that the stronger
the given prior information, the weaker the effect of
additional evidence will be.
From Figure 1 and Figure 2 it can be seen that the ac-
tual average energy intensity for each building class is
likely to be somewhere inbetween the mean values of
prior set 1 and prior set 2 (as shown in Table 1). This is
clearly shown in Figure 1 by the convergence towards
the middle-ground of the energy intensity distributions
for the dominant building classes (such as e2, e7, and
e11), and also be the movement of the distributions for
the less dominant classes, such as e17 and e21, where
#1 is shifted to the left, and e14 and e19, where #2 is
shifted to the right.
It can also be seen that for the dominant building
classes, where information is strongest, the distribu-
tions for the energy intensity have narrowed, show-
ing that uncertainty over the average value of the en-
ergy intensity has been reduced for these building
classes. It should be noted, however, that even for
the two most dominant classes (e2 and e7), the resul-
tant posterior distributions still cover a range of over
100kWh/m2/year, indicating that there is still a great
deal of uncertainty over these average energy intensity
estimates.
Although little has been learnt from the Bayesian re-
gression about the actual energy intensity for the ma-
jority of building classes, good estimates have been
obtained for the two most dominant building classes,
which account for almost half of the total residential
floor area in Salford, along with a significantly im-
proved estimate for the third most dominant building
class, which accounts for over 10% of the total resi-
dential floor area.

Uncertainty in measured data
As mentioned previously, the Bayesian method allows
for uncertainty over the empirical data to be taken
into account and quantified, as described in the section
on “Bayesian regression” and shown in (3). Figure 4
shows the posteriors for " for the four different prior
sets for energy intensity (#1, #2, $1, $2), all of which
used the same prior distribution for ", as specified in
(5).
It can be seen in Figure 4 that, having specified
a prior with an expected value of approximately
3kWh/m2/year, the posterior distributions for " are in
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Figure 1: Prior and posterior distributions of energy intensity using # priors
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Figure 2: Prior and posterior distributions of energy
intensity for 1914-1964 semi-detached houses using $
priors
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Figure 3: Comparison of priors and posteriors for e7
using # and $ distributions from prior set 1

the range of 60 to 80 kWh/m2/year, giving a ratio of
the mean standard deviation to the mean of the energy
data (i.e. N !̄!

N

i=1
E
) of approximately 1

3
. This indicates

that there is either a great deal of inaccuracy over the
empirical energy consumption data or that the regres-
sion is unable to reconcile the given combinations of
E and X.
The most likely explanation is a combination of both.
It is known that there is a great deal of inaccuracy over
the energy consumption data, arising from the method
by which it is collected. In addition, there is also a
great deal of uncertainty in the total floor areas cal-
culated from the geographic information and mapping
sources; this uncertainty, however, has not been taken
into account in the Bayesian regression method used
in this study, where xij are considered to be “known”
input variables.
For example, the total floor areas were calculated by
multiplying the footprint area from the mapping data
by the number of floors, which were in turn estimated
from the height of the building. Not only is there un-
certainty over the measured height of the building, but
there is also uncertainty over the calculation to convert
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Figure 4: Posterior distributions of "

this height into a number of floors. In addition, there
is uncertainty about the footprint area and whether
this is the correct area to use, since the actual internal
dwelling floor area will be smaller.
All of this shows that the input variables are far from
“known” and that uncertainty in measured data should
be accounted for and quantified in order to obtain more
accurate estimates for the unknown parameters of in-
terest, i.e. the energy intensities, ej . The Bayesian re-
gression method outlined in this paper could be devel-
oped to include uncertainty in measured variables us-
ing a Bayesian “errors-in-variables” model, whereby
the xij term in (4) is replaced with the term x"

ij + 'j ,
such that (4) becomes:

µi =
P!

j=1

ej(x
"

ij + 'j) (6)

In (6), x"

ij is the “true” value of the total floor area
and 'j is the measurement error. Alternatively, the
xij can be stochastically specified, such that xij !

N(x"

ij , 'j). In either case, prior distributions can be
assigned where necessary, and the measurement error
associated with the total floor areas can be quantified,
which in turn should result in more accurate estimates
for the energy intensities.

Calibrating the housing stock model
The aim of the Bayesian regression method is to gen-
erate micro-level energy estimates from macro-level
energy data that can be used to calibrate a bottom-up
engineering-based housing stock model in the absence
of building level empirical data.
Figure 5 demonstrates the process by which the re-
sults of the Bayesian regression can be utilised in a
Bayesian calibration to quantify the uncertainty in the
input parameters. The posterior distributions gener-
ated from the Bayesian regression analysis can be used
to generate samples of energy intensity that act as “vir-
tual observations”. These observations can then be
used to calibrate the uncertain parameters in a micro-
level engineering-based model, such as the internal
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heating set-point temperature and the infiltration rate,
and thus improve the accuracy of the model. This un-
certainty can then be propagated through the bottom-
up housing stock model using probabilistic sensitiv-
ity analysis (e.g. the Monte Carlo method) in order to
conduct a cost-benefit analysis of retrofit technologies.

Figure 5: Process for calibrating a bottom-up
engineering-based housing stock model

CONCLUSIONS
A combination of Bayesian inference and regression
analysis has been used to produce estimates of the av-
erage energy intensity for various dwelling types from
empirical macro-level data. Unlike a standard linear
regression, the use of Bayesian regression avoids non-
sensical average energy intensity estimates (i.e. nega-
tive values), and allows subjective opinion and expert
judgement to be incorporated into the analysis. In ad-
dition, the use of Bayesian methods enables the un-
certainty over these average energy intensities to be
quantified in the form posterior distributions, as well
quantifying the uncertainty over the empirical data.
It has been seen that the Bayesian regression method is
greatly strengthened by having an increased quantity
and quality of data, and is unable to have any effect
where the empirical data is weak. As a result, useful
estimates of the average energy intensity are only ob-
tainable for the dominant building classes. The benefit
is, however, that these dominant building classes ac-
count for the majority of the housing stock, and are
therefore the most important dwellings to be able to
model accurately.
Finally, it should be noted that the Bayesian regres-
sion method demonstrated in this paper used publicly
available macro-level energy consumption data, which
can be obtained for any area of the UK and has been
recorded for a period of several years. The analysis

could therefore be greatly strengthened by utilising the
full breadth and depth of information that is available,
instead of just using a small subset from a specific area
and a single year.
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