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Abstract
We present a novel approach to energy benchmarking for cities
and towns in England and Wales. By combining high-resolution
energy data at the neighbourhood level, using full postcode units of
5-150 households, with comprehensive building stock information,
we develop a robust methodology to establish energy performance
benchmarks. Our approach employs spectral clustering algorithms
to group urban areas with similar building stock characteristics
and socio-demographic profiles, ensuring meaningful comparisons.
For each cluster, we calculate the Energy Use Intensity (EUI) at the
neighbourhood level, which is defined as the annual gas consump-
tion per unit of domestic floor area. This analysis accounts for key
factors such as building age, typology, and socio-demographic indi-
cators, enabling us to create context-specific benchmarks. These
benchmarks offer valuable insights into the energy performance
of different urban typologies within each cluster and assist in the
identification of potential areas for targeted improvements. Our
findings provide a data-driven framework for city planners, policy-
makers, and researchers to assess and compare the energy efficiency
of cities and towns at a granular level. The proposed methodology
is fast, flexible and nationally scalable.

CCS Concepts
• Applied computing → Engineering.

Keywords
Energy Benchmarking, Neighbourhood Energy Consumption, Clus-
tering

ACM Reference Format:
Grace Colverd, Ronita Bardhan, and Jonathan Cullen. 2024. Benchmarking
Domestic Energy Consumption using High-Resolution Neighbourhood En-
ergy Data and City Clustering in the UK. In The 11th ACM International
Conference on Systems for Energy-Efficient Buildings, Cities, and Transporta-
tion (BUILDSYS ’24), November 7–8, 2024, Hangzhou, China. ACM, New York,
NY, USA, 11 pages. https://doi.org/10.1145/3671127.3698183

This work is licensed under a Creative Commons Attribution International 4.0 
License.
BUILDSYS ’24, November 7–8, 2024, Hangzhou, China
© 2024 Copyright held by the owner/author(s).
ACM ISBN 979-8-4007-0706-3/24/11
https://doi.org/10.1145/3671127.3698183

1 Introduction
The UK’s approximately 30 million domestic buildings contribute
significantly to the nation’s greenhouse gas (GHG) emissions, ac-
counting for an estimated 13% of the total in 2023 [12]. These emis-
sions primarily stem from the combustion of natural gas and other
fuels for heating and cooking. Since 1990, residential building emis-
sions have decreased by 35.1%, largely due to changes in housing
stock and shifts towards lower-carbon electricity sources. How-
ever, recent years have seen a stagnation in this downward trend.
The 6.2% reduction observed from 2022 to 2023 is attributed more
to warmer-than-average temperatures and demand-side changes
driven by rising energy costs rather than improvements in energy
efficiency [7]

The UK Government has set an ambitious target of reducing
carbon dioxide emissions by 68% by 2030 compared to 1990 levels.
However, as of June 2024, the country is not on track to meet this
goal, despite a significant reduction in emissions in 2023 [7]. The
Climate Change Committee (CCC) emphasizes that the building
sector must increase its contribution to emissions reductions, yet
only a third of the required reductions to achieve the 2030 target
are currently supported by credible plans [7]. While the building
sector has seen emissions fall from 105.5 MtCO2e in 2008 to 77.8
MtCO2e in 2022, most of this reduction occurred between 2008 and
2014, driven by governmental policy measures supporting energy
efficiency investments [7]. Subsequent cuts to these programs have
led to a sharp decline in emissions reductions. Energy efficiency
measures like the adoption of heat pumps are significantly behind
schedule. Currently, only 1% of homes are heated with heat pumps,
far short of the 10% needed by 2030 as estimated by the CCC. To
meet climate goals, heat pump installation rates in residential build-
ings must increase tenfold from 2023 levels by 2028 [7]. Clearly,
a large upswing in the rate of building emission reductions is re-
quired if the UK is to reach its climate change goals, underscoring a
need for effective policies and technologies to transform the energy
efficiency of the nations building stock.

Reducing building emissions can be achieved in multiple ways:
enhancing the energy efficiency of houses through building retro-
fit [3], transitioning from gas-based to electric-based heating [10],
modifying occupier behaviour [5], and decreasing the carbon in-
tensity of the energy supply [17]. Building an effective emissions
reduction strategy requires a comprehensive understanding of the
building stock and the manner in which energy is consumed. Given
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the scale of the problem, we are interested in methods of character-
ising the energy performance of the housing stock which have the
potential to scale nationally.

Building Stock Modelling Approaches. Building stock modelling
encompasses top-down and bottom-up approaches for residential
energy consumption analysis [26]. Top-down methods aggregate
the building stock into a single entity to estimate its consumption
at scale. Bottom-up methods, considered more accurate, estimate
individual building consumption and aggregate results upwards
[4, 20]. These include physical and statistical methods, the for-
mer simulating energy consumption based on buildings’ physical
and occupancy parameters [4]. The latter encompasses traditional
correlation and regression analysis methods, and machine learning-
based prediction methods. Both methods typically use building
archetypes for national-level applications. Representative, or ‘ar-
chetypal’ buildings are identified, energy performance predicted or
simulated, and results scaled up. The archetype approach is widely
used in bottom-up stock modelling for various purposes, including
customized energy profiles [23], building stock classification [31],
renovation planning [44] and fuel poverty assessment [43].

Issues exist with the archetypal approach in energy modelling.
Average consumption and archetypes fail to capture the diversity
in actual energy use [32] and oversimplify building characteristics
[30]. Household-level studies reveal significant variations in energy
consumption, largely due to occupant behaviour. Studies on elec-
tricity consumption in Denmark found large standard deviations in
electricity use even within the same dwelling type [21], with some
homes using 2-3 times more energy than similar ones [32]. These
limitations of archetypal approaches highlight the importance of
granular, real-world energy consumption data in capturing the true
diversity of energy use patterns, which leads us to consider the chal-
lenges and opportunities presented by actual energy consumption
datasets.

Actual Energy Consumption Data. In response to the limitations
of archetypal approaches, researchers and policymakers are in-
creasingly turning to actual energy consumption data to establish
more accurate benchmarks and develop targeted emission reduc-
tion strategies. Building-level energy consumption datasets fall into
either geolocated or anonymised, and their level of accessibility
tends to depend on this classification.

More relaxed laws around data disclosure in the USA have led to
a cluster of open-access geolocated building-level energy datasets
in North America [24]. These datasets have been used to make
predictions of energy usage at the building level, and assess drivers
of energy performance [15, 47].

In the UK, privacy concerns mean access to geolocated building-
level energy consumption data is tightly restricted. The NEED
dataset (National Energy Efficiency Data Framework), a govern-
mental building stock dataset which combines building attributes
with annualised electricity and gas usage data, publishes a large
sample of anonymised data, representative of the UK housing stock,
and allows limited access to its full dataset. Government reporting
using the NEED data reports on the relationship between build-
ing and occupant attributes and energy consumption. The NEED
data has been extensively used to investigate the drivers of energy
performance [46], assess the energy use intensity (EUI) of London

buildings [27], create energy benchmarks for different building ty-
pologies [19] and assess the impact of building retrofits [1]. The
benefits of such a source of actual consumption data cannot be
overstated. Comparisons of the NEED data to a national energy
stock model, the Cambridge Housing Model (CHM), revealed that
the CHM energy model overestimated gas consumption, partic-
ularly for buildings built pre-1930. Dwellings with poor energy
efficiency also consumed less gas than expected and hence using
such models could overestimate the emission reduction impact of
energy retrofits [42].

In addition to the anonymised or access-controlled NEED data,
the UK publishes annual energy consumption figures available
at sub-national scales. Regional, district and sub-district energy
statistics have been published since 2010 [11]. This open-access
data has led to a cluster of works investigating drivers of energy
performance in the UK, including clustering for benchmarking
[33, 48], and predictive modelling [2].

Energy Benchmarking and Clustering Applications. Energy bench-
marks have been widely studied and applied in research. They
serve to normalize consumption or account for the effects of spe-
cific explanatory variables. Three primary methods for creating
energy benchmarks are statistical prediction models, simulations,
and approaches using real consumption data. Simulations, which
use physical models to simulate data, requiring detailed building
information, are typically limited to small samples or archetypal
reference buildings due to the data intensity requirements [6, 40].
However, these methods are not suitable for national-scale applica-
tions given the aforementioned issue with the archetype approach.
Statistical models employ input variables to predict energy con-
sumption. In the UK, regression models have been used to explain
65% of gas usage variance at the sub-district level [33]. However,
regression methods have been criticized for oversimplifying input
variables and inadequately addressing confounding effects among
cross-correlated variables. More recent works have used neural net-
works to predict electricity and gas consumption at the urban scale
in London, at a granularity of 400–1200 households. Results using
physical, socio-demographic, and economic input variables with a
multilayer neural network achieved an 𝑅2 of 0.998 [2]. Other non-
linear methods that have been used include non-linear clustering
methods. For instance, Gaussian mixture models and hierarchical
clustering have been used to analyze domestic gas consumption and
inform policy recommendations at the district level in the UK [48].
Clustering has also been applied to estimate post-retrofit energy
savings [16, 22] and identify key variables influencing energy use
[9]. In the UK, real-energy consumption benchmarking methods
have utilized restricted-access NEED data at the building level in
London to create benchmarks for various residential typologies
[19].

1.1 Proposed Work
We propose a novel methodology for creating customized energy
benchmarks using open-access data to support targeted emissions
reduction strategies at national scales. Our approach clusters cities
and urban areas in England and Wales based on aggregate sta-
tistics known to drive energy consumption. We then normalize
small-neighbourhood annual energy consumption by total building
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floor area to create in-cluster EUI benchmarks. These customized
benchmarks and visualization capabilities enable policymakers to
assess city performance relative to peers at both city-wide and
small-neighborhood levels. Our research offers novelty in three key
dimensions:

• Granularity: we generate EUI at the 5–150 household level,
level, comparing to prior energy studies at the 400–1200
household level.

• Customization: We create custom benchmarks for urban ar-
eas using local energy consumption data rather than relying
on data from a single city.

• Accessibility:We leverage open-access energy data and education-
access building stock data, in contrast to prior works using
restricted datasets

We apply this method to define energy benchmarks for domestic
neighbourhoods across 111 cities and urban areas in England and
Wales. A case study demonstrates how urban planners and local
authorities could use this methodology to target energy retrofits
and occupier behaviour interventions. We also compare our EUI
results to benchmarks given in the literature.

2 Methods
To create meaningful energy benchmarks, we cluster cities and
urban areas in England and Wales based on variables known to be
related to building energy consumption. Analysis of NEED data
[33], and prior work clustering regions within London for gas per-
formance [2, 48] have identified building age, typology, and socio-
demographic factors as key drivers of energy consumption. Our
work follows several stages. Firstly, we generate variables relating
to EUI, building typology and building age at the postcode level.
Next, we aggregate these up to urban levels using mappings from
postcode to Output Areas (OA)1 level and up to cities. We also
aggregate socio-demographic variables from OA to the city level.
Next, we cluster cities based on building age, typology and demo-
graphics. Finally, we create energy benchmarks based on the EUI
of postcodes within these cities for intra-cluster comparison. A
graphical summary of our methodology is given in Figure 1. The
following section details the data generation, the clustering method-
ology and subsequent comparison to existing benchmarks. Given
London’s distinctive built environment and the extensive research
on neighbourhood energy performance [18, 48], and energy bench-
marks specific to the capital [19], we have excluded London from
our clustering analysis.

2.1 Data Generation
Our data generation process involves two key stages. First, we de-
rive postcode-level attributes for building age, typology, and gas
EUI. Second, we aggregate these derived variables to create city-
level metrics. We also aggregate census data at the OA level to
further enrich our city-level variables. To aggregate data for urban
areas, we sum the counts of different building typologies and ages
within postcodes matched to each urban area and then calculate
overall percentages. This aggregation follows a hierarchical struc-
ture: postcode→OA→ LSOA→ City/Urban Area. Table 2 outlines
1OAs are the lowest level of geographical area for UK census statistics, which aggregate
into Lower Super Output Areas (LSOAs) [35].

Figure 1: Process diagram

the specific mappings used in this process, all of which are sourced
from the Office of National Statistics (ONS) 2.

2.1.1 Energy and Building Stock Variables. We derive Energy Use
Intensity (EUI) from annual gas consumption, normalised by total
domestic floor area per postcode. Annual postcode domestic energy
consumption data is published by the UK Department for Energy
Security and Net Zero (DESNZ) [13]. This dataset contains the count
of meters per postcode and total, median and mean consumption
per postcode, for both gas and electricity, for postcodes with at least
five meters. In this analysis, we use annual total gas consumption
𝐺Γ for a postcode Γ.

Total domestic floor area per postcode is calculated using the
Verisk UKBuildings dataset3. This data provides building footprints,
age, typology, floor count and a range of other variables. Build-
ings are linked to postcodes via the Unique Property Reference
Number (UPRN) and a spatial join of building footprint polygons
and postcode polygons (see an example of the postcode match
in Figure 2). For a postcode Γ, the total floor area 𝐴 is calculated
𝐴Γ =

∑𝑘
𝑖=0 (𝑎 · 𝑓 )𝑖 , where 𝑘 is the number of domestic buildings in

the postcode (excluding domestic outbuildings), 𝑎 is the area of the
building footprint and 𝑓 is the number of floors. We apply various
checks based on reasonable building parameters, e.g. height to base
ratio and average floor height to clean the data. Further detail on
this process is given in Appendix B. The building typology and
age variables are calculated using the groupings given in Table 1,
applied to the same building identified as for building floor area.
We note that our choice of normalisation factor for EUI is impactful.
Prior works have identified that alternate choice of normalisation
(e.g. by the number of rooms) affected the distributions of energy
performance [27]. Normalisation by floor area tended to give larger
buildings smaller EUIs while normalising by rooms shifted in favour
of terraces.

We calculate building stock attributes for 1.4M postcodes in
England and Wales. Of these, 1.08M match on postcode with the
aforementioned energy data. This represents 98% of the postcodes
for which domestic gas data is available4. The unmatched post-
codes likely represent areas with less than 5 meters, which are
excluded from the energy dataset for privacy reasons, or areas with

2Sourced from ‘https://geoportal.statistics.gov.uk/’
3Available through the EDINA Digimap Education Licence
4DESNZ file contains 1.1M postcodes
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Figure 2: Postcode E10 7NP, with domestic buildings foot-
prints. Visualisation code adapted from [28].

Variable Description
% dwellings: Standard
Size houses

Typology: Standard size semi-detached,
Standard size detached

% dwellings: Estates Typology: Planned balanced mixed estates
and Linked and step linked premises

% dwellings: Small
Terraces

Typology: Small low terraces, 2 storeys
terraces w/rear extension and Semi type
house in multiples

% of dwellings: Large
Flats

Typology: Very tall point block flats
and Tall flats 6-15 storeys

% of dwellings: Small
-Medium Flats

Typology: Medium height flats 5-6 storeys
and 3-4 storey and smaller flats

% of dwellings: Large
houses

Typology: Very large detached,
Large detached, Large semi detached
and Tall terraces 3-4 storeys

% of Buildings Aged:
Post-1999 Age buckets: Post 1999

% Buildings Aged:
1919-1999

Age buckets: 1919-1944, 1945-1959,
1960-1979, 1980-1989, 1990-1999

% Buildings Aged:
Pre-1919 Age buckets: Pre 1919

Table 1: Building stock and typology attributes, used at urban
level for clustering

no domestic gas consumption (i.e. fully commercial). For the EUI
benchmarking, the 1.08M of postcodes is filtered to wholly domes-
tic postcodes, defined as postcodes where the building use is 100%
residential. EUI 𝐸 is calculated 𝐸Γ =

𝐺Γ
𝐴Γ

for a postcode Γ with units
of kWh/m2/yr, enabling the energy performance of postcodes with
different building sizes to be compared. The total count of wholly
domestic postcodes in England and Wales for which we can calcu-
late a residential floor area and a matched gas consumption value is
726k, 67% of the 1.08M. We apply a filter based on the alignment of
the count of UPRNs within the postcode (a proxy for the number of
households within a postcode) and the count of gas meters within

Mapping Name Date Source

Postcode -> OA 2021 Aug 2023 ONS
OA 2021 -> LSOA 2021 July 2023 ONS
LSOA 2021 -> LSOA 2011 July 2023 ONS
LSOA 2011 -> City / Town Dec 2015 ONS

Table 2: Mappings used to create city-level attributes. An
updated LSOA to city mapping for the 2021 census was not
available at the time of work, hence the conversion from
LSOA 2021 -> LSOA 2011.

the postcode, given that the majority of households in the UK will
have one gas and one electricity meter [19]. Of the 726,776 post-
codes with both total floor area and gas data, 75% fall within a 9%
difference in number of gas meters and the number of UPRNS, with
a long tail up to the maximum difference of 4380%. To exclude post-
codes where there is likely an error either on the building stock side
or on the energy side, we apply a filter of 40% alignment, leaving
621,415 postcodes. Whilst energy analyses typically exclude based
on total energy use, here we follow Godoy-Shimizu et al. [19] and
filter based on annual EUI thresholds. We apply an annual gas EUI
threshold of 5 < EUI < 500 kWh/m2. We apply some final thresh-
olds to ensure a clean data sample: a count of buildings threshold
of 1-200 and total building volume of 50-20,000m2. These filters
reduce the sample to 613,959, representing 55% of the postcodes
with domestic gas consumption.

2.1.2 Socio-Demographic Variables. Socio-demographic attributes
are sourced from the 2021 Census data for England and Wales at
the OA level. City-level attributes are calculated by summing up
the count of households with different census attribute values and
calculated as overall percentages. Three census themes were chosen:
economic activity, household composition and ethnicity.

2.2 Clustering Methodology
After attribute generation at the postcode level and subsequent
aggregation to the city level, our dataset comprises 111 cities and
urban areas in England and Wales. To create our benchmarks, we
test two unsupervised clustering methodologies commonly utilized
in the literature: Gaussian Mixture Models (GMM), and Spectral
Clustering (SC). GMMs are probabilistic models that represent data
as a combination of multiple Gaussian distributions. Each data point
is assumed to originate from one of these distributions, with the
probability determined by a weight assigned to each distribution.
GMMs provide probabilistic cluster assignments, allowing for un-
certainty in classification, particularly for data points near cluster
boundaries [39]. Previously employed in energy benchmark cre-
ation, GMM also offers the advantage of automatically selecting
the model parameters (covariance type and number of clusters).
Spectral clustering is a technique that identifies clusters in data by
leveraging the eigenvectors of a similarity matrix. It is useful for
datasets with non-linearly separable or non-convex cluster shapes.
While spectral clustering can be computationally expensive for
large datasets, given the size of our dataset spectral clustering is
feasible. Spectral clustering requires pre-specification of the number
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City Clustering Variables
Percentage Standard Houses (%)
Percentage Small Terraces (%)
Percentage Estates (%)
Percentage Age Pre-1919 (%)
Percentage Age 1919-1999 (%)
Percentage One person Household (%)
Percentage White (%)
Percentage Asian (%)
Percentage Economically Active: Employed (%)
Percentage Economically Inactive (%)

Table 3: Final clustering attributes used in the analysis

of clusters and gives a non-probabilistic membership assignment
[45],[41]. More detail on the steps of spectral clustering is given in
Appendix A.0.1.

To determine the optimal clustering method, we implement both
unsupervised clustering algorithms, using different metrics to help
select optimal clustering settings within each method. We evalu-
ate two metrics: the Silhouette Score (SS) and the Davies-Bouldin
Score (DBS) supplemented by several heuristics relating to the in-
tended use of the clusters. The SS characterises how compact and
separated clusters are from each other, calculated using the mean
intra-cluster distance (a) and the mean nearest-cluster distance (b),
𝑆𝑖 =

(𝑏𝑖−𝑎𝑖 )
𝑚𝑎𝑥 (𝑏𝑖 ,𝑎𝑖 ) and ranges from −1 ≤ 𝑆𝑆 ≤ +1, with higher values

indicating better clustering [38]. SS is calculated at themember level
and is averaged to create macro values for clusters. Negative values
for a member indicate potential misclassification as a different clus-
ter is more similar. The DBS is an average similarity measure of each
cluster with its most similar cluster, where similarity is the ratio of
within-cluster distances to between-cluster distances. DBS ranges
from 0 < 𝐷𝐵𝑆 < ∞ with lower values indicating better clustering
[8]. To account for initialisation sensitivity and get a sense of clus-
ter stability, when calculating SS and DBS, we calculate the metric
mean and standard deviation across 20 runs, with 100 initialisations,
using Scikit-Learn. We test the numbers of clusters ranging from 5
to 20. This range balances granularity with practicality: more than
20 clusters would be unwieldy for policy recommendations and
likely yield single-entry clusters, while less than 5 would not yield
granular enough benchmarks. We use the metrics and heuristics for
each clustering method to determine the best clustering parameters
and then compare methods for robustness, stability and utility.

2.3 Benchmark Comparison
To validate the dataset construction and place our benchmarks in
the context of the literature, we compare them to recent works
on energy benchmarking in the UK. University College London
(UCL) in partnership with the Chartered Institute of Building Sur-
vey Engineers (CIBSE), has published domestic energy benchmarks
for different typologies of buildings, based on a large sample of
actual energy consumption data for London houses and flats [19].
To compare our postcode-level dataset of EUI to the CIBSE EUI
benchmarks for different types of buildings, we create categories of
postcodes with uniform typologies. Three categories of postcodes

Category Building Typologies Label

Flats

Very tall point block flats
Tall flats 6-15 storeys
Medium height flats 5-6 storeys
3-4 storey and smaller flats

Terraces

2 storeys terraces with t rear extension
Linked and step linked premises
Planned balanced mixed estates
Semi type house in multiples
Small low terraces
Tall terraces 3-4 storeys

Semi + Detached

Large semi-detached
Standard size semi-detached
Large detached
Standard size detached
Very large detached

Table 4: Categories of Postcode Typology. A postcode is classi-
fied as one of the categories if all residential buildings within
(excluding outbuildings) fall within one category of typology.

are defined, which only contain residential buildings of certain
typologies, i.e. a postcode can be categorised as ‘Flats’ if it only
contains residential buildings with the corresponding building ty-
pology labels. The category description and mapping are given in
Table 4,

There are several noteworthy differences between the CIBSE
methodology and our methodology.

• CIBSE benchmarks use energy data matched to individual
meters for households in London from 2016.We use postcode
energy data from 2022.

• CIBSE have a sample of 808,559 dwellings, representing 32%
of houses and 16% of flats in London. We use a sample of
160,824 postcodes from England and Wales, representing
15% of postcodes with domestic gas usage5.

• CIBSE distinguish gas-heated dwellings and electricity-heated
dwellings and provide separate benchmarks for each. Our
method does not distinguish between gas and electricity-
heated dwellings, so we instead include all postcodes which
have gas data available.

3 Results
3.1 City Clusters
After testing both clustering methodologies, both GMM and SC
suggested 8 clusters for our dataset based on metric evaluation.
Both produced clusters of full utility, with no clustered with a small
number of members. The proposed cluster membership in Principal
Component Analysis (PCA) space can be seen in Figure 3. Compu-
tation time was not an issue given the small size of the clustering
dataset: running both GMM and SC with 100 initialisations took
less than a minute on an 8-core CPU with 16GB RAM.

To evaluate the effectiveness of the different clustering method-
ologies for energy benchmarking, we assessed each method’s clus-
ter discernment power relative to gas EUI. Cluster discernment
5Number of postcodes reduced from above due to limitations of singular typology
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Figure 3: Cluster membership visualised in PCA space, for
GMM and SC methods.

power refers to the ability of a clustering method to create distinct,
meaningful groups based on the variable of interest. Due to the
non-normal distribution of EUI (observed in histogram visualiza-
tion - skewed right), we used the Mann-Whitney U Test. For each
clustering methodology, we conducted pairwise comparisons of
median gas EUI between clusters. The null hypothesis for each
test was that the gas EUI distributions of the compared clusters
were identical. To supplement the significance testing and account
for the large sample sizes, we calculated effect sizes using Cliff’s
Delta, a non-parametric measure. We chose Cliff’s Delta due to its
robustness with non-normal distributions [29, 34].

All clusters showed statistically significant pairwise differences
across each clustering method. However, some of these differences
corresponded to negligible effect sizes. When comparing methods,
SC produced clusters with more pronounced differences in gas
EUI, as evidenced by larger effect sizes 6. Additionally, SC yielded
clusters with smaller cluster-level standard deviations in gas EUI.
Based on these findings, we selected SC as the optimal clustering
methodology. Table 5 presents the mean values of city clustering
variables for each cluster for the SC algorithm. Empirical cumulative
distribution functions (ECDFs) are included in the Supplementary
Information to provide visualisation of the attribute distributions.

3.1.1 Energy Benchmarks. Returning to the gas EUI, statistical test-
ing revealed three tiers of gas EUI for our 8 clusters: Very high (7),
high (3), medium (1,5,6) and low (0,2,4). All clusters tested were
significantly different to each other (p<0.0001). When evaluating
the effect size, effects are negligible internally between the low-
est two bands. Medium-large effects were seen between the low
band and very high band, and small effects between lower-medium,
medium-high and high-v.high bands. The energy benchmarks for
gas EUI within the Clusters is given in Figure 5. Box plots are used
to show the distribution of EUI, ranked from lowest to highest by
median EUI. We cap the y-axis at 99th quartile for visualisation
purposes. We now briefly summarise the clusters, employing rela-
tive descriptors (low, medium, high) to characterize the ranges of
cluster variables.

3.1.2 Cluster Descriptions.

Very High EUI Cluster. Cluster 7 has the highest median gas EUI,
at 94 kWh/m2. It emerges as the cluster with very low economic

6Tables provided in Supplementary Information

Figure 4: Metric results for SC clustering. Mean across 20
runs plotted with error bars showing STD, for SS and DBS.

activity, with some of the lowest employment levels. It is character-
ized by a high percentage of pre-1919 housing stock, higher levels
of small terraces, and a low range of standard houses. Cluster 7 is
the most ethnically diverse cluster. The older housing stock, low
employment levels and high EUI suggests a low level of energy
efficiency in the housing stock.

High EUI Cluster. Cluster 3 has a high cluster median gas EUI at
87 kWh/m2. It is characterised by low percentages of old housing,
very low rates of single-person households, low levels of economic
activity and mid-range of employment. It is the second most eth-
nically diverse cluster after Cluster 7. The large amounts of new
housing and low range of economic inactivity suggest a cluster
whose high EUI is driven by occupancy lifestyles rather than hous-
ing stock.

Medium Tier EUI Clusters. Cluster 1, the largest group in our
analysis, exhibits the highest gas EUI among the mid-tier clusters,
with a median of 84 kWh/m2. This cluster is characterized by a
wide distribution of housing typologies and construction ages, but
a relatively tight distribution of ethnicity (approximately 70-85%
white). Unlike other clusters with more distinct features, Cluster 1
lacks strong defining characteristics beyond being predominantly
white areas, with a wide variety of housing stock and economic
activity. This heterogeneity suggests that Cluster 1 might benefit
from further analysis, such as sub-clustering or individual case
reassignment, to reveal more nuanced patterns or subgroups within
its population.

Cluster 6 is similar to Cluster 1 with a median gas EUI of 83
kWh/m2. It emerges as the most economically active group, char-
acterized by the highest employment rates and the lowest levels of
economic inactivity. It has lower rates of single-person households
and the lowest proportion of pre-1919 houses, suggesting newer or
more developed urban areas.

Cluster 5 represents the lower end of the medium-tier, with a
median gas EUI of 80 kWh/m2. It is characterised by some of the
highest levels of older houses pre-1919, along with a large amount
of small terraces. It is one of the least economically active clusters,
with high economic inactivity, and some of the lowest rates of
employment.

Lower Tier EUI Clusters. Cluster 2 has the highest EUI of the low-
tier clusters, with a median gas EUI of 76 kWh/m2. It emerges the
most ethnically homogeneous group, with the highest proportion
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Cluster Members % Standard
houses

% Small
Terraces

%
Estates

% B.Age
Pre-1919

% B.Age
1919-1999

% 1-person
household

%
White

%
Asian

%
Employed

% Econ.
Inactive

0 20 57.9 21.4 3.4 13.0 67.6 34.2 87.3 6.2 48.8 30.7
1 21 42.7 33.4 6.4 19.1 64.0 34.0 79.7 9.7 45.6 33.1
2 15 53.8 25.8 2.3 19.6 62.4 38.7 90.3 4.2 46.7 34.1
3 9 48.4 27.6 5.1 10.7 70.1 30.2 57.5 25.8 45.9 29.0
4 10 43.8 34.9 2.5 21.8 59.3 41.1 91.5 4.2 42.0 38.1
5 11 38.6 39.1 3.1 27.0 56.9 37.2 74.1 15.3 40.4 40.9
6 14 53.3 26.0 6.5 7.8 75.9 31.0 77.9 12.8 50.6 27.7
7 11 41.5 40.2 3.4 24.7 59.3 36.0 52.7 32.7 39.8 34.9

Table 5: Clusters, members and mean values of attributes. B.Age = building age. For building age, we can infer % of Post 1919
buildings as the three columns are collectively exhaustive. Note that the census variable for economic activity included a ’None
applicable’ option which averaged around 18% of responses. The distributions of the variables across the clusters are given in
the ECDF plots in the supplementary information.

of white households. This cluster is characterized by an above-
average number of standard homes and high rates of single-person
households. The economic activity in this cluster falls within the
mid-range, suggesting a mix of working and non-working popu-
lations. The low EUI even with the higher proportion of standard
homes suggest areas at risk for fuel poverty.

Cluster 0 is the middle of the low-tier cluster, with a median gas
EUI of 75 kWh/m2. This cluster is notable for having the largest
proportion of standard homes, with a fairly uniform distribution
across the cluster. It contains relatively small amounts of small
terraced houses. Importantly, Cluster 0 boasts the second-highest
employment levels after Cluster 6. These characteristics suggest
urban areas with good energy efficiency measures in place, likely
due to newer or well-maintained housing stock and an economically
active population.

Cluster 4 has the lowest median gas EUI (72 kWh/m2). It is
distinguished as very ethnically white and exhibits high levels of
economic inactivity and low levels of employment. This cluster
appears relatively uniform in terms of distribution ranges of eth-
nicity and employment, suggesting homogeneous, possibly ageing
communities. The low EUI combined with the high proportion of
single-person households and high economic inactivity suggests
high risks of fuel poverty.

To conclude the cluster investigations, we note a good level of
discernment in gas EUI and some meaningful actions based on this
analysis. Cluster 4 is identified as containing areas potentially at
high risk for fuel poverty, warranting particular attention. Cluster
7 shows high potential for housing energy efficiency measures,
suggesting opportunities for meaningful emissions reduction. Clus-
ter 3 presents as a suitable candidate for targeting lifestyle-based
reduction methods, which could provide emissions reduction with-
out high infrastructure spend. Cluster 1 lacks clear distinguishing
characteristics relative to other clusters, potentially indicating a
need for additional variables to improve clustering resolution. It is
important to note that these cluster assessments provide a broad
overview, and intra-urban variability means that areas of socioe-
conomic hardship may exist even within clusters that generally
perform well. Future work should look to investigate these clusters
within-cluster distributions in more detail. A short example of how

we can investigate within-cluster using the current framework now
follows.

3.2 Case Study
The following case study details how the methodology can be used
to make targeted and granular assessments of small neighbourhood
energy performance. For cluster 6, the EUI performance can be split
out by postcode typology, using the categories defined in Section
2.3, to assess what drives the higher and lower ends of the cluster
performance. The results of this split are given in Figure 6.

We note that the high gas EUI performance of High Wycombe
is driven by postcodes containing semi-detached and detached
houses rather than flats and terraces, despite the tendency of our
EUI to reduce the values for such buildings. The distribution of
such domestic typologies across the urban area of High Wycombe
is given in Figure 7. By combining the cluster energy benchmark
for these typologies, and mapping them spatially, we can provide
local decision-makers with the tools needed to make data-driven
energy performance interventions, customised for the local area.

3.3 Comparison to CIBSE Benchmarks
We compare our results to energy benchmarks published in the lit-
erature. The box plots for our results of postcode gas and electricity
EUI for postcodes with uniform typology are given in Figure 8. The
values for the CIBSE benchmarks are extracted from [19].

The EUI of postcodes is consistently lower than the CIBSE bench-
marks for all three typology benchmarks, with the largest differ-
ences observed for gas EUI in semi+detached postcodes. There are
three potential contributing to this disparity. Firstly, total domestic
energy consumption was 17% lower in 2022 than in 2016 in absolute
terms, 18.5% lower after weather adjustments [14]. Secondly, our
method does not include information on occupancy rates, whereas
the CIBSE benchmarks only collected energy data from occupied
houses. The 2021 census puts the vacancy rate of houses in Eng-
land at 5.4% and of Wales at 7.0% [36]. Finally, when we compare
London’s performance to the rest of the regions within our dataset,
London’s median gas EUI is 13% higher than the average (90.9 vs
80.4 kWh/m2). We test the statistical significance of this difference,
again using a Mann-Whitney U Test necessitated by non-normal
gas EUI. Comparing London against the aggregated data from all
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Figure 5: EUI benchmarks for clusters of urban areas

Figure 6: Cluster 6 postcode EUI performance, split by post-
code typology

Figure 7: Distribution of domestic neighbourhoods with pro-
portions of semi-detached + detached houses. Contains OS
data © Crown copyright and database right 2024 [37]

128



Benchmarking Domestic Energy across the UK BUILDSYS ’24, November 7–8, 2024, Hangzhou, China

Figure 8: (L) Postcode EUI. n𝑝 : number of postcodes in sample.
OC: outlier percentage. The Y-axis is capped at the maximum
value for 99th quartile across the three typology groups (R)
CIBSE benchmarks formid-terraced, flats and semi-detached
houses. nℎ : number of houses in sample [19].

.

other regions yielded a statistically significant result with a medium
effect size (𝑝 < 0.0001, effect size 0.27). It is important to note that
while both our method and CIBSE benchmarks exclude mixed-use
buildings, our filter is more restrictive due to higher granularity.
This exclusion likely creates an over-index for London due to its
urban nature.

After reducing the CIBSE medians to account for the 37% in
demand shift, occupancy rates, and London’s higher energy perfor-
mance, we find that our Terraced, Flats, and Semi-detached/Detached
medians are 87%, 78%, and 69% of the CIBSE medians, respectively.
Testing our distributions against the benchmarkmedian using a one-
sided Wilcoxon signed-rank test, we find statistically significant
differences, with small, medium and large effect sizes for Terraces,
Flats and Semi+Detached houses respectively (p<0.0001, effect sizes:
0.14, 0.33, 0.74). Hence our methods show the closest alignment
for terraced houses and diverge more for semi+detached buildings.
Note that without the full distribution of CIBSE observations, we
can only run a one-sided comparison to the median.

The remaining differences may be caused by a combination of
varying occupancy behaviour across typologies andmethodological
differences. It might be that more second homes and unoccupied
buildings fall into the semi+detached categories. There might be
overestimation of building volume in our method, potentially more
so for semi+detached homes. We note there were instances within
our methodology of building floor area being over or underesti-
mated, due to errors in the building stock data and challenges with
distinguishing between lived-in areas and ancillary buildings such
as basements, garages and garden sheds. The individual assess-
ments of house area/volume in the CIBSE database can more easily
correct for these cases. We are also not able to distinguish con-
fidence bounds for our data: the data provider Verisk confirmed
varying sources within individual building variables, but the data
lacks metadata on either method of attribution (whether hand-
labelled or model-derived) and timing of variable updates. While
these limitations do not invalidate our findings, they underscore the
importance of cautious interpretation and highlight the need for
transparency in building stock databases. These limitations should

be kept in mind when using our benchmarks, which should be used
in the context of their derivation as postcode-level EUI.

To conclude, the differences between our benchmarks and those
provided by CIBSE can be attributed to several factors, including
temporal shifts in domestic energy usage patterns from 2016 to
2022, the impacts of housing occupancy on the postcode, the unique
energy performance of London, occupancy behaviour and a poten-
tial overestimation of building volume in our methodology. While
our methodology may have some limitations, it still offers signifi-
cant advantages over existing benchmarks. Our approach utilizes
recent energy consumption data from across England and Wales,
providing a more representative and current picture of energy use.
The method is fast and cheap to implement as it doesn’t require
extensive matching between meters and buildings. There is no in-
teraction at the homeowner level, preserving privacy and enabling
open-source adoption. Leveraging a wide range of observational
data reduces misinterpretation of energy data, better captures re-
gional differences, and scales easily to national levels.

4 Limitations and Extension
Our study faces several methodological limitations, both in terms
of data generation and high-level methodology, as well as in the
specific implementation of clustering techniques. These limitations
suggest areas for future extension.

Clustering at the city level produces easily digestible groups and
helps target macro policy efforts. However, this approach may fail
to capture distinct sub-city clusters and miss valuable connections
between sub-city regions. The relatively low number of entries
for clustering also means the clustering method is sensitive to new
members, such that introducing new regions such as Scotland could
change the clusters. Future work could look to implement a two-
stage clustering approach at the postcode level, followed by the
local authority level, and compare cluster results.

Our implementation of Spectral Clustering demonstrated su-
perior performance compared to Gaussian Mixture Models and
generally yielded well-defined clusters. However, one cluster re-
mained relatively poorly defined, suggesting potential limitations
in our approach. This anomaly could indicate the presence of miss-
ing explanatory variables or the existence of a more complex sub-
cluster structure that our current method fails to capture. Further
investigation into this cluster may reveal more useful insights into
those areas’ energy performance and could guide refinements to
our clustering methodology.

The quality of the clustering also relies on the quality of the data
underpinning it. Our study faces limitations in data representation,
particularly regarding EUI at the postcode level. While our city
clustering incorporates both domestic and mixed-use postcodes,
the EUI benchmark analysis is restricted to domestic postcodes
due to the unavailability of non-domestic consumption data at
this granularity. This limitation (including 55% of postcodes with
domestic gas data available) potentially skews our analysis, under-
representing urban centres and overemphasizing suburban areas.
The exclusion of mixed-use postcodes presents a significant data
gap, especially for metropolitan cities with a higher proportion of
such buildings. By focusing on defined towns and cities, we also
exclude smaller villages and towns which may have distinct energy
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performance as well. Future research should prioritize integrating
mixed-use postcode data to provide a complete representation of
urban EUI patterns and extend to cover all housing regions of
the UK. We are also limited in that the energy data excludes any
postcodes with less than five meters, so there is some additional
skew away from very remote areas.

Beyond the issues of data completeness, we also face challenges
related to the quality and reliability of the datawe have. Ourmethod-
ology solves some of the identified errors within the building stock
data, but we do not have confidence bounds on derived attributes
such as building floor area given the data limitations relating to
the variable sources. In particular, we note that the variability of
values for some subset of the data is high, e.g. for flats. Further
work should look to improve validations on the dataset and refine
methodology in areas with high variability. We note that EUI at the
postcode level is often easy to manually verify input correctness of
with satellite data. An interesting extension could be developing au-
tomated quality control methods, potentially using vision-language
models, or testing other input-building stock data sources.

5 Conclusions
In conclusion, we have developed a novel methodology for creat-
ing customized energy benchmarks based on actual consumption
data for 111 towns and cities in England and Wales. Our approach
yields eight clusters based on city-level attributes known to corre-
late with energy consumption, along with corresponding gas EUI
benchmarks for each cluster. Analysis of the cluster characteristics
and median EUI suggested several clusters as candidates for either
energy efficiency housing upgrades, behavioural interventions or
interventions around fuel poverty. We illustrate the utility of this
method through a case study of HighWycombe, demonstrating how
neighbourhoods with semi-detached and detached houses drive the
cities’ high energy performance relative to their cluster group. Our
methodology leverages open-access energy data and geo-located
neighbourhood units, offering significant potential for incorpo-
rating additional variables. The approach is efficient, flexible, and
scalable, addressing privacy concerns and closed-access data limi-
tations by utilizing open-access small neighbourhood data and can
be easily updated annually with new energy data, maintaining its
relevance.
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A Clustering
A.0.1 Spectral Clustering. A brief summary of spectral clustering
is taken from John Hedengren [25]. Spectral clustering involves
several steps:

Constructing a similarity matrix using a kernel function (e.g.,
Gaussian kernel) to measure pairwise data point similarities. Com-
puting a degree matrix and Laplacian matrix from the similarity
matrix. Calculating eigenvectors of the Laplacian matrix to create
a spectral embedding of the data. Applying K-means clustering to
this lower-dimensional spectral representation.

This approach has roots in graph theory and is also known as
segmentation-based object categorization. Its main advantage is
flexibility in handling complex data structures where traditional
clustering methods may fail. However, spectral clustering can be
computationally expensive for large datasets, especially if the simi-
larity matrix is dense .

B Building Level Pre-Processing
We implement a custom building-level pre-processing pipeline to
derive the floor count at building level.

• Bucket building age variables to ensure non-overlapping
categories

• Bucket building heights into discrete subgroups.
• Apply outbuilding update: for buildings with height 3m, floor
count 2 and no UPRN, convert into outbuildings.

• Apply average floor count updates:
– Identify any building with average floor height outside
of 2.2-5.3m as having an error with either height or floor
count

– Derive theMWB:minimumwidth of the building footprint
and calculate the ratio of height and MWB: 𝑅𝐻 = 𝐻

𝑀𝑊𝐵
.

– If the average floor height is outside of floor height thresh-
olds, and 𝐻 > 3 ∗𝑀𝑊𝐵, set the height to null.

– If average floor height is outside of thresholds and 𝐻 ≤
3 ∗𝑀𝑊𝐵, set floor count to null.

• Fill missing values for height and floor count (this includes
both missing data and the incorrect heights/floor counts that
were set to null in the prior step). The missing values are
filled using global averages.
– Global Fill: use the global average tables to update any
missing height or floor count with the global average.
Global averages are derived from the whole dataset.

• Calculate total floor area per building from height: height
→ global floor count × premise area.
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