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Abstract. The building’s construction year indicates
energy performance and retrofit potential, and is used in
energy performance ratings. However, in many countries,
comprehensive datasets providing the construction date
of buildings are unavailable or difficult to access. In
the UK, Energy Performance Certificates (EPC) provide
the only open dataset on building construction years, at
national scale. However, the data are binned, and minimal
information is available on data quality. For specific
areas of England, construction year data have also been
contributed by historians to the Colouring Britain data
platform. This study investigates systematic differences
between EPC and historian-crowdsourced construction
year data for 4,849 buildings in Loughborough, covering
14 EPC bands. To increase comparability of datasets with
differing age bands, we test a random forest method to
resolve the binning using two feature sets: urban form
features, and urban form features plus EPC bands. The
median of each EPC band acts as the baseline. The results
show that combining urban form features and EPC bands
delivers the highest accuracy.
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1 Introduction

Buildings are responsible for around 30% of global
final energy consumption and 26% of global energy-
related emissions according to the (International Energy
Agency, 2022). Over the past decade, efforts to capture

and generate open microspatial building attribute data
at scale have increased across non-profit, academic,
government and commercial sectors (Oostwegel et al.,
2025; Touzani and Granderson, 2021; Milojevic-Dupont
et al., 2023; OpenStreetMap contributors, 2017; Overture
Maps Foundation ). Included within these sought after
building attribute datasets are construction year datasets.
Construction years are now considered essential, in
many areas of urban analysis including retrofit planning,
material flow analysis (Aksoezen et al., 2015), and energy
performance ratings (UK Office for National Statistics,
2021),

A growing number of official datasets now include
building construction years, with varying scale, coverage,
and quality (Milojevic-Dupont et al., 2023; Martinez et al.,
2025; Dionelis et al., 2025). In the UK these include
Energy Performance Certificates (EPC), English Housing
Survey (EHS) data, and restricted Valuation Office Agency
(VOA) property tax data. The EHS provides a confidence
interval for its aggregated age bands, with uncertainties
largely unscrutinised. EPC, VOA and EHS datasets are
binned into age bands with different definitions, which
reduces comparability within institutions and, even more
so, between countries (Hawas et al., 2025). The year
1981, for example, would fall into the following age bands
respectively for: tax, VOA, 1973-1982; housing, EHS,
1981 - 1990; and energy, EPC, 1976-1982. There is a lack
of consistency in naming of construction year information,
we choose to refer to the binned construction years of the
EPC as EPC bands.

In 2014 a "Mystery Shopper’ experiment was performed
(Pyle, 2014), to evaluate the accuracy of the EPC process,
but not the EPC bands specifically. In 8% of inspections,
the assessor did not ask about the age. The study identified
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variations in the EPC ratings, which is supported by results
of Hardy and Glew (2019) and Crawley et al. (2019).

However, where data can be crowdsourced systematically,
with historical sources, it becomes possible to obtain
verified individual construction year estimates.
Crowdsourcing of construction year data from historians
has been tested in the UK since 2016, using the Colouring
Britain open mapping platform, which is part of the
Colouring Cities Research Programme (CCRP) (Hudson,
2018; Hecht et al.,, 2025, 2023). Since 2024 local
historians in Loughborough have used the platform to
create a comprehensive construction year map of the
town.

In this paper, we build on research into the standardization
of EPC in Europe and initial comparisons of UK EPC
and crowdsourced construction years (Hawas et al.,
2025) collected through CCRP platforms. We focus on
data uncertainty through systematic comparison of these
datasets, using Loughborough, Leicestershire, England as
a test case to understand measurable differences.

Biljecki et al. (2023) and Dorn et al. (2015) show
that crowdsourced data often exhibit a high degree of
agreement with real reference data or can serve as a valid
approximation of ground truth. Following this argument,
we quantify the uncertainties in the EPC bands. To
mitigate the disadvantages of binning, we propose a
random forest approach to ’translate’ the EPC bands into
single years. For this, we derive features developed by
Milojevic-Dupont et al. (2020); Nachtigall et al. (2023)
using official building footprints from UK Ordnance
Survey Master Map (OSMM).

2 Dataset and Methods

In the following section, we introduce the datasets used
and the necessary preprocessing for our analysis.

2.1 Data and Software Availability Section

Crowdsourced data is downloadable from Colouring
Britain (extract from 2025-11-17). The dataset includes
source type and source links. Data for Loughborough is
contributed by local historians from the Loughborough
Library Local Studies Volunteer Group. This involves
visual in-situ or Google Street View inspection, and
historical source assessment using town directories,
historical publication and official conservation area
appraisals, etc. Where no source exists, construction years
are estimated by eye. Personal knowledge may also be
used. As yet, no prioritisation of specific historical sources
has been implemented.

Domestic EPC data are available for England at EPC open
data, and include certificate inspection dates from 2007-
07-10 to 2025-11-30. EPCs are issued by relevant local
authorities for all rented, sold and new properties, and are
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required to be updated every 10 years. The 4,849 entries
for Loughborough with both EPC data and crowdsourced
data are binned within construction age bands covering
specific year intervals (Tab. 1).

OSMM provides the highest detailed building footprints
for the UK. The footprints are used for urban form feature
derivation. Due to licensing restrictions relating to OSMM
data, we cannot publish the building footprint data itself.
However, we provide a different set of footprints, to
test the pipeline. The full code and documentation are
available at GitHub.

2.2 Data Preprocessing

Both EPC data and crowdsourced data are preprocessed to
ensure consistency and omit invalid entries. All processing
is done using Python 3.12.3 and geopandas (Jordahl
et al., 2020) and the visualization executed in matplotlib
(Hunter, 2007).

Crowdsourced Dataset

The Colouring Britain dataset (under Open Data
Commons Open Database Licence (ODbL) v1.0 ) is
a mixture of crowdsourced entries and bulk-uploaded
records (e.g., from EPCs — uploaded by the Colouring
Britain EPC bot), so crowdsourced records must be
identified and separated before analysis. The dataset
contains construction years including source type and
source links. To distinguish crowdsourced entries from
EPC-derived records for Loughborough, we use the
platform’s edit history provided with the data download.
If the most recent edit is not made by the Colouring
Britain EPC bot it is presumed to be crowdsourced,
and is included in the analysis. If the entry by the
bot has mistakenly overwritten an existing crowdsourced
construction year entry, but then reversed it, we also
include this entry. Additionally, we exclude entries where
the upper and lower limit does not agree with the
provided construction years. The crowdsourced data are
merged with OSMM footprints. The remaining entries are
visualized in Fig. 1 (green and orange).

EPC Dataset

For each EPC Building ID we use the most recent EPC
(under open government licence). We exclude invalid
entries, such as ’INVALID!” or ’NO DATA’, and remove
duplicates. Where there are multiple EPCs for a single ID
with contradictory bands, we remove the entry. In early
2012, the EPC band titled ’England and Wales: 2007
onwards’ was removed and replaced by two new bands:
’England and Wales: 2007-2011" and "England and Wales:
2012 onwards’. Subsequent updating introduced *England
and Wales: 2012-2021" and ’England and Wales: 2022
onwards’ bands. Despite this, the older band definitions
still occur in newer certificates. In the cases where a more
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Figure 1. Visualisation of the spatial distribution of the building age data, displayed on the UPRN coordinates under an open
government licence. EPC-only data (open government licence) is shown in blue; crowdsourced-only data (Colouring Britain; Open
Data Commons Open Database Licenc (ODbL) v1.0 ) is shown in green. UPRN coordinates with both EPC and crowdsourced data
available are shown in orange on top. The underlying map shows the EUBUCCO v0.2 building footprints (Milojevic-Dupont, Nikola
and Wagner, Felix et al., 2023), visualized in grey and licensed under ODbL v1.0.

AGILE: GlScience Series, 7, 44, 2026 | https://doi.org/10.5194/agile-giss-7-44-2026 30f8


https://www.nationalarchives.gov.uk/doc/open-government-licence/version/3/
https://www.nationalarchives.gov.uk/doc/open-government-licence/version/3/
https://www.nationalarchives.gov.uk/doc/open-government-licence/version/3/
https://opendatacommons.org/licenses/odbl/
https://opendatacommons.org/licenses/odbl/
https://docs.eubucco.com/v0.2/license/

Table 1. EPC bands and their occurrences, median and 68% (10) confidence interval and 95% (20) confidence interval of the difference

(diff) between crowdsourced and EPC data.

EPC band start end median datapoints median (diff) 68% confidence interval (diff) 95% confidence interval (diff)
before 1900 0 1899 1899 962 0.0 [0.0,4.0] [0.0, 15.0]
1900-1929 1900 1929 19145 834 0.0 [-15.0,0.0] [-40.0, 1.0]
1930-1949 1930 1949 1939.5 810 0.0 [-4.0,0.0] [-15.0, 1.0]
1950-1966 1950 1966 1958 1209 0.0 [0.0,0.0] [-24.0, 1.0]
1967-1975 1967 1975 1971 157 -1.0  [-6.0,0.0] [-41.0, 1.9]
1976-1982 1976 1982 1979 167 0.0 [-9.0,0.0] [-13.5,3.2]
1983-1990 1983 1990 1986.5 148 -1.0  [-5.0,1.0] [-20.9, 1.0]
1991-1995 1991 1995 1993 214 -0.0 [0.0,0.0] [-13.0, 8.0]
1996-2002 1996 2002 1999 171 0.0 [-1.0,0.0] [-70.4, 3.0]
2003-2006 2003 2006 2004.5 155 0.0 [-8.0,0.0] [-54.5,1.0]
2007-2011 2007 2011 2009 39 0.0 [0.0,0.0] [-126.7,0.1]
2012-2021 2012 2021 2016 7 0.0 [0.0,0.0] [0.0, 0.0]
2007 onwards 2007 2025 2011.5 22 0.0 [0.0,0.0] [-111.1,0.0]
2012 onwards 2012 2025 2018.5 17 0.0 [0.0,0.0] [0.0, 0.0]
single years 10 -75.0  [-131.3,-17.6] [-257.1,-2.8]

recent definition of an EPC band is used in building with
an existing certificate, the more precise EPC band of the
previous certificate is used, for example where *England
and Wales: 2007 onwards’ is replaced with ’England and
Wales: 2007-2011°.

Using the Unique Property Reference Numbers (UPRN),
we merge UPRN coordinates with the EPC dataset. In
cases of multi-property buildings, multiple Building IDs
with connected EPCs will map to the same UPRN. We
repeat the process undertaken with Building IDs, and in
cases where EPC bands contradict each other, we omit
the property from the analysis. EPC data is then spatially
joined to the OSMM footprints (visualized in Fig. 1 blue
and orange).

2.3 Comparison of EPC and Crowdsourced
Construction Years

The dataset used for the comparison is highlighted in
orange in Fig. 1. The temporal distance between the
crowdsourced construction year and the EPC is calculated
in cases where a single year has been entered for the
crowdsourced data (i.e. without an upper and lower date
range). For the rest, the temporal distance between bands
is calculated by taking the closest limit.

2.4 Random Forest to Resolve Binning

To estimate a single construction year from the EPC
bands in combination with urban form features, we use
random forest regression (Liu et al., 2012) implemented in
Pedregosa et al. (2011) as the machine learning approach.
Entries with single-year bands are omitted, as are years
before 1850 because the sample is very small.

We employ two models: one using urban form features,
and the other using urban form features and EPC age
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bands. The shared urban form features were developed
by ufo-map and used in Milojevic-Dupont et al. (2020);
Nachtigall et al. (2023). The features are separated into
four spatial scales: building (total 30, e.g. area and
orientation of footprint), building block (total 27, e.g.
length and perimeter of block), tessellation based block
(total 15, e.g. total block area, block corners), and streets
(total 25, e.g. length of closest street, average width of
closest street). Due to the smaller area covered by this
study, we only include 100 m and 200 m radii in the
neighbourhood features, instead of 100 m and 500 m, and
omit the city scale features. To derive these features, we
use building footprints from OSMM. We omit the spatial
proxies ’latitude’ and ’longitude’ from the feature set,
as we are interested in an approach transferable to other
regions (Mila et al., 2024). For the model that includes the
EPCs, we encode the construction age band as ’start’ and
end’ (see Tab. 1).

As a baseline, we use the median of the EPC bands. For
the *Before 1900’ band, we use the upper bound, 1899,
as it would be an unfair comparison if the whole range
was included, or if additional information on the range was
provided.

We carried out a spatial autocorrelation-aware test-train-
split by calculating tessellation based blocks (Fleischmann
et al., 2020) and splitting the data accordingly. Due to the
small study area and the spatial split, the test and train sets
are not representative of all possible cases. To mitigate this
effect, we use a five-fold cross-validation taking spatial
autocorrelation into account. This is performed using
sklearns StratifiedGroupKFold (Pedregosa et al., 2011) to
ensure that the non-matching entries between EPC and
crowdsourced construction years are evenly distributed.

40f8


https://www.ordnancesurvey.co.uk/products/os-open-uprn
https://github.com/ai4up/ufo-map

2.5 Evaluation Methods

As evaluation metrics we use the root-mean-square-error
(RMSE), which is defined as:

RMSE = (1)

where N is the total number of predictions, g; is the i-
th prediction and y; is the corresponding ground truth.
Another metric, denoted as PS4, is the percentage of
samples whose predicted year lies within 4 years of the
target. The last metric is the coefficient of determination
(R?), which is the amount of explained variance by the
model.
N N
Zi:1 (yi — Zi:1 vi)?

For each of the metrics, we report the median across the
five folds.

3 Results and Discussion

In this section, we first present comparison between EPC
and crowdsourced data, and then discuss the results of the
machine learning approach to resolve the binning.

3.1 Comparison of EPC and Crowdsourced

We obtain a joint (EPC and crowdsourced) datasets
containing 4,849 property entries for Loughborough.
33.4% of the EPC bands do not align with the
crowdsourced construction years. To account for minor
errors in both sources, we apply a tolerance of four
years to the temporal distances. This tolerance roughly
corresponds to the width of the narrower EPC bands
and is small enough to preserve meaningful temporal
distinctions while accommodating typical source and
recording errors. Including this tolerance, the mismatched
entries decrease to 16.9% as shown in Fig. 2. Overall, the
EPCs tend to estimate buildings to be more recent than
the crowdsourced data. The highest number of counts is
found in the two oldest EPC bands (shown in yellow and
green in Fig. 2). Buildings in the EPC band as *1900-
1929’ tend to be recorded as older in the crowdsourced
dataset, while buildings in the band ’before 1900’ tend
to be younger. 24% of the mismatched points of the
crowdsourced data fall in the category ’before 1900°, but
also include buildings in very recent EPC bands.

Considering the distribution of crowdsourced entries by
underlying source (Fig. 3), most matching construction
years come from entries sourced as ’Historical map’ and
’Other database or gazetteer’. The latter also supplies the
most mismatching construction years, followed by ’Other
website’. However, there is no clear pattern in which
sources mismatches occur.
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Figure 2. 2D histogram of the overlap of the crowdsourced and
EPC data points, while excluding the data points where the labels
match. The colour map indicates the number counts, dark blue
indicated few entries, yellow indicates the most entries and white
indicated O entries.
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Figure 3. Distribution of the source type for the crowdsourced
data. This distribution is shown for the matching construction
years (blue), the mismatching construction years (orange) and
the mismatching year with a tolerance of four years (green).The
distributions are normalized so all individual distribution sum up
to one to increase comparability.

50f 8



100

g

o o ammaabsco

c”mm4r4.o

single before 1900- 1930- 1950- 1967- 1976- 1983- 1901- 1996- 2003- 2007- 2012- 2007 2012
year 1900 1929 1949 1966 1975 1982 1990 1995 2002 2006 2011 2021 onwardsonwards
EPC age categories

Figure 4. Box plot of the temporal distances between
crowdsourced and EPC data.

We assume that the crowdsourced data is a more reliable
source than the EPC for building age, since 97.8 %
of the entries provide a source (Fig. 3), and the edit
history is traceable. In comparison, the EPC bands are
determined by energy assessors who are not necessarily
trained in building age. Additionally, in Department
for Communities and Local Government (2017) it is
recommended for occupants (regardless of expertise), to
provide a construction year, to increase EPC accuracy.
The inconsistencies discovered in the pre-processing of
the Loughborough EPC data align with the discovered
inconsistency in the variance of the EPC point ratings
established by Hardy and Glew (2019); Crawley et al.
(2019); Pyle (2014).

Following this argument, we use the crowdsourced data
to quantify the uncertainty of each EPC band. Due to
the sampling bias towards older buildings introduced
with crowdsourced data, the entries with bands younger
than *2007-2011" have low significance. The rest of the
confidence intervals for temporal distance between EPC
bands and crowdsourced, reported in Tab. 1 can be used
as guide for EPC band uncertainties. For all ten reported
cases with a single year EPC band, the crowdsourced data
deviates significantly (Fig. 4). Due to the small sample
size, the informative value is low. As the official guide
provides no documentation on single-year EPC bands,
these entries should be treated with caution or excluded.

3.2 Resolving the Binning

To increase comparability between different datasets, we
build a machine learning approach to map the EPC bins
to single years (see Sec. 2.4). The crowdsourced data is
set as ground truth, following the argument in Sec. 3.1.
To evaluate the success of the combination of urban form
and EPC data, the median of the EPC bands is used as
the baseline. The baseline differs on average by 15.7 years
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from the crowdsourced data (RMSE = 15.7 years). Only
taking into account the 16.9% of mismatched cases, the
RMSE rises to 32.0 years. This baseline outperforms the
median of the crowdsourced construction years (R =
0.78). Introducing our approach to predict the construction
years with both urban form features and EPC band, we
obtain a mean RMSE of 11.2 years in the test sets. This is
an improvement by four years towards the baseline. 53.0%
of the predicted construction years lie within a four-year
tolerance of the target. The R? is 0.89. There is a notable
difference between the test and train performance, which
indicates overfitting. This is most likely due to the small
size of the dataset, which we attempted to mitigate though
hyperparameter optimisation.

For the second reference model utilising random forest
regression with only urban form features, an improvement
towards the baseline by over one year in the RMSE can
be observed (see Tab. 2). In most metrics, the combined
model with both urban form and EPC features outperforms
the urban form model alone (see Tab. 2). The exception
relates to metrics focussing on the mismatched data. These
can be explained due to the high importance of EPC
features in the prediction and thus confusion in the model.
The overfitting is worse for the model where only urban
form features are used. This is most likely caused by lack
of additional information in the EPC dataset.

Depending on the use case, taking the baseline model
may or may not be sufficient. However, we achieve higher
accuracies using prediction based on urban form, as well
as our new ’translating” approach which can be transferred
to any binned data at building level.

3.3 Limitations

The major limitation in this work is the size and balancing
of the dataset. Since we cover a period of over 150 years,
not every construction year is sufficiently represented. The
EPC data also only contains construction year information
for domestic properties. Additionally, uncertainties for
each EPC band are limited to the Loughborough sample
and, as noted by Hardy and Glew (2019), general EPC
quality will vary across geographies. This effects the
transferability of the obtained confidence intervals. The
confidence intervals for bands after 2007 are of limited
informative value due to the small sample size.

Though, we assume that the crowdsourced data is close
to the ground truth, there is still the possibility of
outdatedness of information and human error. By the
occlusion inconsistent data points, we introduce a bias in
the resolve binning result.

4 Conclusion and Future Work

This study highlights the problem of uncertainty within
official construction year data. It compares banded
EPC data with individual construction year, collected
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Table 2. Mean metrics across the five cross folds for the three different models. Baseline is the median of the EPC band. The suffix
’mismatched’ denotes metrics taking only the predictions where the EPC data does not align with the crowdsourced data including

tolerance into account

model RMSE in years PS4 in % R?
train  train mismatched  test  test mismatched train  test train  test
baseline 15.7 32.0 35.2 0.78
urban form 8.5 11.8 14.5 18.2 80.1 46.8 094 0.80
urban form + EPC 7.4 15.0 11.2 19.2 81.8 53.0 096 0.89
by historians using Colouring Britain. 16.9% of EPC Acknowledgements

entries contradict the single estimated construction
year entered by historians. On average, EPCs tend
to underestimate buildings to be younger than the
crowdsourced entries. Assuming the crowdsourced data
by local historians is close to the ground truth, we can
now identify uncertainties for every EPC band before
2007. This underscores the importance of documenting
and communicating data provenance, as well as enhancing
the credibility of crowdsourced data by providing more
detailed documentation of the data collection process.
CCRP platforms such as Colouring Britain should in
future introduce features to capture, quantify and store
uncertainties as metadata.

The study also tests methods of improving accuracy
in automated estimation of year of construction within
bands, to facilitate national and international comparison
between EPC data, and potentially other official, binned
datasets. To ’translate’ EPC bands into single years,
we established a random forest based regression. Our
approach, combining urban form features derived from
OSMM, using the ufo-map code, with EPC bands
outperforms both reference models.

However, the performance of the model is still insufficient
to deploy resolve binning of construction year at
larger scale. We expect accuracy to improve by better
characterising the relationship between urban form and
construction year and by developing, testing and using
additional predictive features. Accordingly, we plan to
extend the analysis to other UK cities and then to European
contexts where CCRP platforms exist. Our aim is to
support the generation of stable, scalable construction-
year estimates in the absence of ground-truthed data and
to assess impacts on downstream tasks (e.g. EPC ratings).
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