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Abstract: The energy budget of households, linked to residential energy consumption (REC), serves
as a critical indicator of quality of life and economy trends. Despite the lack of widely available
accurate statistics at regional or smaller scales, they are of crucial interest for a better understanding
of the features influencing REC and its impact on energy poverty, wellbeing, and the climate crisis.
This research aims to present a new information model for predictive parameters and REC forecasting
through an innovative use of available open data. Geoprocessing, data mining, and machine learning
clustering algorithms were applied to open datasets of location, population, and residential building
stock parameters highly correlated with their REC, on the ensemble of 785 municipalities of Andalusia,
Spain. The model identified 65 clusters of towns sharing the same potential REC, with 73% of the
population concentrated in 10 of these. The resulting data-driven bottom-up model of provincial
REC had a mean absolute error of only 0.63%. Furthermore, it provided the territorial distribution,
with local resolution, of the identified clusters of cities with similar characteristics. This methodology,
with a flexible regional- to city-scale analysis, provides knowledge generation that offers numerous
practical applications for energy policy planning. Its future implementation would assist stakeholders
and policymakers in enhancing the performance and decarbonization of the residential building stock.

Keywords: Andalusia; bottom-up model; clustering; energy model; open data; residential energy
consumption

1. Introduction

In the European Union, the energy for residential building operation is responsible for
a significant share of carbon emissions, as well as for the overall quality of life of citizens.
Buildings in Spain account for 30% of these carbon emissions, according to the most recent
consolidated report [1], with the energy consumption of residential buildings representing
18% of final national energy use. However, compared to transport or industry, this is
still considered a ‘fuzzy sector’. This sectorial energy analysis, based on building stock
features and national or regional surveys, statistics, and studies [2], often fails to include the
characteristics of cities and towns. Nevertheless, there is growing interest in the distribution
of energy use across the territory at different scales, despite the scant information available
on energy use in residential buildings at district, town, or sub-regional scales [3].

Residential energy consumption (REC) is described as the result of the relationship
between energy demand and the performance of the technical systems found in dwellings
and how they are used, depending on household features [3]. However, energy consump-
tion is also linked to multiple social, economic, cultural, environmental, physiological,
and psychological aspects involving the users [4,5]. User profiles, therefore, determine the
associated demand, the characteristics of the systems and equipment available, and in turn,
the resulting energy consumption [6].
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Residential energy consumption is broadly included in surveys and statistics world-
wide, such as the Residential Energy Consumption Survey (RECS) in the USA, the Energy
Follow-Up Survey (EFUS) in the UK, and all those referenced in the Manual for Statis-
tics on Energy Consumption in Households (MESH) in the EU [3]. Studies about energy
consumption in existing households, such as that carried out in China [7] at national and
regional scales, describe the divergent evolution during the last two decades of urban and
rural areas and its influencing drivers, including population and per capita consumption.
However, as seen in the SPAHOUSEC study on the energy use of the Spanish residential
building stock [8-10], surveys and statistics are often not available at sub-regional or town
scales. The lack of adequate scales and detailed information on energy end use [11,12],
with some exceptions [13], makes it difficult to study its nature and distribution across the
territory, crucial for assessing a distributed energy production and consumption model.

In addition to the adequate scale, the quality and reliability of REC statistics are
also major concerns, given that instances of misestimation in energy end use application
statistics, as described for heating and cooling energy use in the case of southern regions in
Spain [14,15], were also identified.

While open access to energy-related data is usually limited, available data on energy
efficiency in buildings are also scarce, as described in the context of the indicator framework
for the European EPBD Directive proposal in Spain and Italy [16]. In this study, only 35%
to 40% of data were available, whereas the share of data from open sources ranged from
36% (Spain) to 90% (Italy) of total indexes. This demand for information on the energy
efficiency of buildings continues to grow and must be met if global decarbonization targets
are to be achieved.

In the context of the information society, quality open data are a valuable resource. This
key tool for generating knowledge and returning value to society must be accessible and
interoperable. Thus, the use of open data is a fundamental resource for pursuing sustainable
development goals and informed decision-making in energy and urban planning [17].
This goal is featured in EU-funded projects, such as HOTMAPS, PLANHEAT, and Heat
Roadmap Europe (HRE4). Web energy-mapping tools [12,18,19] currently being developed
demonstrate the potential of this tool for local authorities, energy and urban planners, and
ESCOs. Here, open-source datasets are shown at different scales: country level, regions,
provinces, and municipalities, down to the hectare level (250 x 250 m grid).

Based on this, and on the literature, it can be concluded that the use of open data
on building energy is gaining traction and is currently driving knowledge generation.
However, nowadays, non-open data sources are a common resource owned and exploited
by utilities in several forms [20].

According to reviews of the literature, multiple methods, such as the top-down or
bottom-up approaches for the estimation of final energy use, can be used to forecast REC
at different scales [21]. These technique names refer to the hierarchical position of data
inputs in relation to the housing sector as a whole. The HOTMAPS study follows a top-
down approach, showing heat density distribution at the hectare level from province
population and gross floor area parameters, resulting in maps of space heating demand
per gross floor area. In 2012, several authors [22] classified prediction models for building
energy consumption following engineering, statistical, and even artificial intelligence
(AI) methods. It was thus concluded that rapidly developing Al methods could provide
alternatives or breakthroughs in the prediction of building energy consumption. In this
respect, data-driven approaches, as described in recent literature [23-28], incorporate
prediction and classification functions for building energy analysis, combining multiple
Al and machine learning (ML) techniques. Data-driven models can, therefore, be oriented
either to estimating the energy consumption of buildings (prediction models) or to profiling
the consumption pattern (classification models).

The application of different bottom-up approaches for energy modeling found in the
literature includes a wide range of examples from the last decade. Novel bottom-up physics-
based models, such as urban building energy modeling (UBEM) [29], have been applied to
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the cases of Rotterdam [30,31], Boston [32], Seville [33], Jaén [34], and Dublin [35,36]. These
models, which consider the construction and engineering features of multiple interacting
buildings and their thermal simulation, were used to estimate energy use in buildings from
district to urban scales.

As an alternative to UBEM models, bottom-up statistical energy models based on GIS
tools and statistics are described for Lisbon [37], New York [38], Turin [39], Seville [40], and
Madrid [41,42] at both urban and district scales.

Recently, urban energy modeling (UEM), which includes urban services, was tested
in Ahmedabad [43], providing an estimation of energy use from district to urban scales.
In addition, an energy model for Singapore [23] provides a metropolitan-scale analysis
of the effect of urban, environmental, and behavioral features on commercial building
stock, predicting consumption accordingly. Smart-E is a UEM model for electricity use in
dwellings from district to country scales, with time steps of only 10 min, validated with the
annual electricity consumption of ten French cities [11]. Another recent study developed in
France modeled real consumption for the entire residential building stock, calibrated with
feature datasets for national buildings, and included occupant characteristics in order to
reflect their behavior [44]. A similar engineering bottom-up model for estimating heating
and cooling consumption of the whole residential building stock in the city of Chongging
used archetypes and BEM modeling validated with metered data [45].

However, there are two primary research problems with predictive models with
respect to the scale and availability of REC datasets. Bottom-up regional energy models
are scarce, as most models do not exceed the urban limits at territorial or regional scales.
Furthermore, based on previous research, few energy models provide descriptions of
the local environment or occupant features. Flexibility in the scale of application is also
reduced, and frequently limited to a single scale: building, district, city, or national [46].
Actual REC data statistics under regional scale (cities, towns, or districts) are scarce and
with limited access.

This research aims to reveal the ‘topography’ of residential energy use distribution
within a given territory. To this end, as well as offering a novel information model for the
predictive parameters (based on open data), an innovative open-access methodology is
presented. These two hypotheses are considered to counter the limited availability of data
at a suitable scale and quality for regional and urban energy planning. For the sake of
actual application, a case study for Andalusia, in the south of Spain, is developed at the
regional scale.

In view of the main research challenges outlined, this work introduces an innovative
bottom-up energy model. This model relies on open data and processes for implementation,
replication, adaptation, and periodic updates across varying scales in order to estimate
REC. It also takes into account the features of locations, occupants, and dwellings for the
municipalities analyzed (cities, towns, villages, etc.). Therefore, the estimation of potential
REC of this model considers the combination of the features for the categories of location
(L), occupancy (O), and dwelling (D).

The scale of application ranges from single municipalities to groupings into counties,
provinces, regions, countries, etc., as well as clusters of municipalities that share common
profiles, even if they are not physically close together. This flexible scale, named as the
‘regional-municipal scale’, considers the analysis of the potential REC of population centers
(cities, towns, and smaller municipalities) within a single region.

Assuming, as is often the case, that a sole municipality is the minimal governance
structure with environmental, social, housing, and energy competences, the regional—
municipal energy model on offer can be of value to the energy-planning policies covering
all these scales.

By implementing this model, the potential REC in a given territory can be mapped
through the use of predictive models utilizing open datasets. The new information and
knowledge obtained thus increase the public value of this model, especially in terms of
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energy planning and decision-making, as defined in the data—information-knowledge
hierarchy (DIK) described in the literature [47].

In summary, this study relies on a data-science clustering process for a set of towns
and cities, classified by potential REC, considering their predictive REC parameters, to
build a bottom-up energy model at the territorial scale.

Following this introduction, Section 2, ‘Methodology—Theory and Calculation’, in-
cludes the theoretical background of the proposed information model and the case study
workflow explanation. An initial dataset correlation analysis for feature selection is fol-
lowed by the dataset sources and description, geo-processing, preparation, clustering, and
modeling for allocating potential REC to each municipality.

Section 3, ‘Results and Discussion’, introduces the selection of parameters as a result
of a correlation analysis. The results of the clustering process are then analyzed and
contrasted with current data for the individual information categories: location, occupants,
and dwellings, in order to establish a ranking of potential REC among the clusters found
in Andalusia. A final ‘cross-clustering’ process is then applied to find municipalities
sharing the same L, O, and D clusters and, thus, the same potential REC. This is completed
with a sample application in order to identify cities deserving priority funding for energy
interventions. Finally, methodology and results are validated through the construction of a
predictive model for REC at the provincial scale, compared with real consumption data.

The final section of the paper, Section 4, ‘Conclusions’, provides a summary of the
principal findings of this research in countering the scarcity of data relating to energy
consumption in residential buildings with bottom-up modeling based on open data. The
main hypothesis has been confirmed using the case study in Andalusia, along with a data-
science process from data to knowledge generation. Implementation of the methodology
and future research developments are also described at the end of the manuscript. Lastly,
Appendix A, ‘Dataset links’, includes the results of the case study for Andalusia, with
links to the L, O, and D datasets and cluster allocation of the municipalities, in GIS and
XLSX format.

2. Methodology—Theory and Calculation

The proposed methodology, based on data science processes of data mining (DM)
and machine learning (ML), involves feature selection, data acquisition, debugging, post-
processing (normalization) description, and ML clustering classification techniques. It has
been drawn up using public datasets, post-processed with GIS tools, DM processes, and
ML clustering techniques. The workflow applied examined a case study for the dataset of
municipalities within Andalusia to obtain a town-to-regional REC prediction model. This
methodology combines theory and calculation and can be extrapolated easily to other cases
in other territories.

2.1. Theory—LOD Information Model Proposal

For an initial approach to this analysis, a tailored information model is proposed
for the study and characterization of the parameters involved in REC modeling at the
regional-municipal scale. In this case, the REC predictive parameters were organized into
three main data categories, considered as independent dimensions: location (L), occupants
(O), and dwellings (D).

According to this model, represented in Figure 1, for any point within a region at (x,y)
coordinates (e.g., UTM coordinates of a building, district, city, etc.), the combination of the L, O,
and D parameter vectors determines the REC value for that position (Equations (1) and (2)).

—
REC(x,y) = ‘LOD(x,y)‘ (1)
— — — -
LOD =alL +bO +cD )

where:
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(I1,1,13 .. . 1;) = location parameter vector (e.g., elevation, solar radiation, etc.)

(01,02,03...0;) = occupant parameter vector (e.g., average household size, age, etc.)

[ ]
Ol Ol =l

(dy,dy,d3...d;) = dwelling parameter vector (e.g., buildings’ height, area, etc.)
,b,c =L, O, and D weighting factors.

S

Figure 1. LOD data model for REC predictive parameters according to spatial distribution.

In Equation (2), the location (L) vector includes parameters such as elevation, solar
radiation, etc. The occupants (O) vector includes coordinates such as household size,
incomes, age, etc. The dwellings (D) vector describes height, age, number of dwellings, etc.

In this study, the weighting factors (a, b, and c), described in Equation (2), for the 3D
composition of the LOD (x,y) vector in Figure 1, were considered equal to one, as in an
isometric perspective. This initial configuration of L, O, and D vector composition can be
tailored to any questions to be asked, and adapted through further calibration processes
with actual energy use data following updated datasets available at the town scale. The
model proposed presents a flexible framework ready to be adapted and calibrated with
future growth of actual REC datasets. The weighting parameters can, therefore, be adjusted
to assess the influence of the different L, O, and D predictive parameters, as well as to
identify their sensitivity.

The bottom-up statistic REC model involves the analysis of a broad range of statistics,
monitoring, and survey datasets. Given the recent development and potential for forecast-
ing building energy performance [25], DM and ML techniques, including artificial neural
networks, support vector machine, Gaussian process, or clustering algorithms, should
be applied extensively. To this end, a workflow based on the OSEMN—Obtain, Scrub,
Explore, Model, iNterpret—process is applied [48,49]. This process, selected as the base
for the workflow and widely adopted in data science, serves as a guideline to extract
meaningful information and carry out data-driven decisions. The OSEMN procedure is, in
fact, an evolution of the KDD (knowledge discovery in databases) workflow. KDD consists
of a nine-step sequence with possible backtracks, which starts with learning the applica-
tion domain and ends with using discovered knowledge in practice [50]. The proposed
adapted OSEMN workflow aims to generate new information and identify common fea-
tures amongst the municipalities analyzed. Thus, the workflow diagram shown in Figure 2
describes the stages, tasks, and results, from raw data to the final regional-municipal REC
model validation stage. Columns A, B, and C in Figure 2 represent KDD/OSEM stages,
tasks, and results, while rows 1 to 12 represent the direction of the process.
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Figure 2. OSEMN municipal and regional REC model workflow.

This study focused on the residential energy use of households located in primary
homes, since consumption in second homes in Spain is not considered significant [3,8,51].
The requisites for data source and predictive parameter selections for the regional to town
REC information model data should be free, open, and publicly available from trusted
sources. Such data must also have been updated prior to 2020 to avoid the likely pandemic
bias effect, given that lockdowns and changes in social dynamics in REC evolution deserve
their own dedicated study [52,53]. The datasets chosen, which must be available at urban
or suburban scales, should also have a medium to high correlation with REC. Finally, the
size of the predictive dataset adopted should ensure balance between model accuracy
and complexity.

As REC is widely but discontinuously spread over a territory, it can be measured at
different scales, including buildings, quarters, districts, cities, regions, etc. Parameters included
in the REC data model from town to regional scales should not be affected by the size of the
city or town in question. Therefore, parameters used should be normalized in terms of units
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per inhabitant, households, area, percentage, etc. In many cases, this extra requirement means
that raw data must be processed to obtain the new normalized parameters.

2.2. Calculation—Case Study

The region of Andalusia, considered highly representative of the Euro-Mediterranean
context, was selected as a case study to put the approach described above into practice.
This region in southern Spain has an extension of 87,599 km? and is similar in size to Serbia
and larger than Croatia, two countries fully located within the same Euro-Mediterranean
region. Although it has a predominantly Mediterranean dry climate (Csa, Csb), semiarid
(BSh, BSk), arid desert (BWh, BWk), and even mountain (Dsa, Dsb, Dsc) Képpen-Geiger
climates can also be found [54]. Its population of around 8.5 million inhabitants and
approximately 3 million primary homes is spread over 13 cities with a population of over
100,000—including Seville (700,000 pop.) and Malaga (600,000 pop.)—and hundreds of
smaller towns and villages. The case study, therefore, covers a wide range of locations and
environmental, socioeconomic, and urban features for the building stock. To study REC, the
location, population, and housing stock of the whole set of 785 municipalities which make
up the Andalusian territory have been characterized and analyzed. As only dwellings used
as primary or permanent residences in the individual towns are considered, the number
of households registered had to be consulted. Information on building characteristics and
dates of construction was obtained from the Spanish cadaster, using the INSPIRE statistical
#250 m mesh published by IECA [55], while the population data recorded in the 2019
census provided information on socioeconomic features.

Energy predictive regional to building scale data models, such as SEMANCO [56,57],
include parameters from different categories and origins. Reference literature establishes
the selection of predictive parameters or features as a pre-requisite for the implementation
of any ML model requiring extensive research [25].

The use of dataset correlation analysis based on the Spearman method is common in
energy analysis [23,58,59], cadaster information [60], cartography generation [61], and the
use of nighttime satellite images in demographic and socioeconomic studies [62]. Therefore,
a prior correlation analysis of the Andalusian town and city datasets was carried out to
study the overall relation of average electrical residential consumption (considering no
other energy sources) and several other socioeconomic and demographic variables. Unlike
other methodologies, such as the Logarithmic Mean Divisia Index (LMDI), applied to
study the influence of features on a composite variable, such as energy consumption [63],
correlation analysis offers a simple way to assess relationships between variables and
trends’ identification. Yearly Multi-Territorial Information System of Andalusia (SIMA)
datasets [64] include a set of 123 parameters at the town scale. In this initial study, we
considered a SIMA dataset, post-processed normalized parameters, and nighttime lighting
(NTL) remote sensing, as shown in Figure 3.

The high number of parameters strongly correlated with residential electrical energy
use justified its inclusion in the predictive LOD information model finally adopted. Corre-
lation with REC, availability, and feasibility were considered in the selection of potential
REC predictive parameters for the dataset of Andalusian municipalities.

In the following stage of this calculation, a DM process was developed to identify distri-
bution patterns of the predictive REC parameters, which may have been previously unseen
in the municipalities of Andalusia. The process began with data acquisition from available
open sources, including the National Statistics Institute (INE), Andalusian Cartography
and Statistics Institute (IECA), and the Spanish Cadaster. Raw data were post-processed
using GIS tools (QGIS version 3.16.7) and geo-processes were applied to obtain the final L,
O, and D dataset with the information vectors of the individual categories for each town.
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Figure 3. Nighttime lighting (NTL) over Andalusia. Image by the authors based on image background
using Suoni NPP VIIRS and data from Miguel Roman, NASA GSFC earthobservatory.nasa.gov.

According to the LOD data model described in Section 2.1, and Equation (1), zones
with similar predictive REC parameters are expected to demonstrate similar REC patterns.
The same LOD profile areas or populations might not be clearly identified or regularly
distributed across the analysis region. Identifying these groups within the region datasets
can be strongly improved with ‘clustering’, a ML technique that groups individuals with a
greater number of similarities for the purposes of segmentation and discovery of patterns.
There are numerous clustering techniques and algorithms, and in many cases, they are
equally valid for the same data analysis process [65]. Clustering algorithms have also been
applied to energy studies in the industry sector [66], local climate zone definition [67], user
profile characterization [6,68], and building archetype identification [28,69,70]. Specific
K-means or hierarchical methods were selected based on the study of related cases, such
as the urban-scale building clustering process for heritage damage assessment [71] and
energy predictive models in Geneva [70] as well as a district in Genk [24].

The ’attribute-based clustering’ plugin for QGIS, developed by E. Kazakov, can be
applied to vector layers with numeric or non-numeric attributes using a variety of Python
ML clustering algorithms. Numeric values were grouped within a known number of
clusters applying the ‘K-means’ clustering algorithm with weighting factors. When setting
this K-means algorithm, weights (a, b, and c) had to be assigned to the numeric parameters
within the individual categories studied (L, O, and D). As stated in Section 2.1, for this
research, the weighting factors applied were set to 1 to ensure a neutral model, although
later relevant aspects of the assessment could be fine-tuned or highlighted through further
calibration. The forthcoming release of open data will improve knowledge generation
through additional DM and ML processes.

The elbow method was applied to establish the optimal number of clusters to be
sought in each category, considering the dataset features [68,72]. The optimal number of
clusters desired for each class was set at five.

The following task included statistical analysis of the L, O, and D clusters identified,
which helped in the assignment of a potential REC (PotREC) ranking using statistical inference.
A final clustering action applied the Hamming-distance hierarchical algorithm, which is
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LOD Clustering

L-Location

particularly useful for categorical (non-numeric) values (e.g., classes or text fields) [73].
Thus, towns and cities from the same L, O, and D clusters and sharing the same potential
REC were also identified. This final clustering or cross-clustering action helped to obtain
the LOD cluster for each town in the dataset and, consequently, assign potential-LOD_REC
(PotLOD_REC), as described for the city of Seville in Figure 4.

PotREC_LOD assignment. LOD cross category

LHV = aL + bH + ¢V

O-Occupants

L-Cluster| O-Cluster | D-Cluster
L1 o1 DO

N e N

Town [POtREC_LIPOtREC_O|POtREC_D| PotREC_LOD LOR‘(C)'"‘JS)‘GV
i 3 : 2x1

Seville 2 4 3 o c1e

Factor| a=1 Di=s b +_1;1 (2,5,1)

Figure 4. Allocation process for individual town LOD cross-clusters and LOD potential REC: Seville.

In the final stage of the OSEMN process, the clusters identified for Andalusia were
assessed to establish a model for estimating REC at the provincial level. This was based on
the computation of the stock of primary homes in the individual towns weighted using the
PotREC_LOD index. The LOD model proposed was compared to two alternatives based
on the distribution of regional consumption by population or by number of primary homes
in each province.

The model described here relies on public datasets regarding location, inhabitants, and
housing, updated until 2020, considering only primary homes and registered population
within urban areas of municipalities of the region. Features selected for the model rely on
the preliminary correlation analysis of available open datasets with actual electrical residen-
tial energy use at the town scale. It should be noted that the clusters identified exclusively
describe municipalities within Andalusia. The PotREC parameter is a qualitative index of a
single municipality’s capacity for residential energy consumption. It does not provide a
quantitative description of actual or expected consumption.

3. Results and Discussion

This study aimed to analyze a data-science clustering process for a set of towns and
cities considering their predictive REC parameters, and establishing a classification by
potential REC, as seen in Figure 5. The results shown here justify the methodology applied
in relation to the objectives of the study.
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Figure 5. Distribution of potential REC across Andalusia.

The open datasets and methods combined in a novel methodology applied to this case
study were successful in generating new and valuable information and knowledge relating
to Andalusia.

3.1. Feature Selection

The first section of results presents an initial correlation analysis and the selection of
REC predictive parameters for the LOD data model.

3.1.1. Correlation Analysis

An initial correlation analysis was conducted to select the set of predictive parameters
for the LOD data model from available datasets at the town scale. This was used to describe
the strength of the relationship with residential electricity consumption to build the model;
however, it is not the model itself. For this purpose, we used the R ‘cor.test” function, based
on the Spearman method. The correlation coefficient and significance obtained for the 18
most representative parameters are summarized in Table 1. We used de Cohen'’s guideline
to describe the p correlation size effect [74].

The resulting positive or negative influence of the parameters on the REC was as
expected and has already been documented in several studies [5,75].

Parameters closely correlated with electric consumption were those related to demo-
graphics, household size, income, age, and building size. It is also worth noting some
other parameters’ correlation, such as municipality net population and its variation in
the last decade, although these were not included in the LOD data model. Parameters
linked to the urban environment, such as the heat island effect (UHI), nighttime lighting
(NTL), the degree of urbanization, and average building height, were within a medium
range of positive influence. A negative medium correlation was found for the proportion
of single-family dwellings and the altitude of the municipality. Low correlated parameters
include those related to climate, such as winter and summer climate severity. Remarkably,
the town unemployment rate showed the lowest Spearman correlation coefficient, with no
significance (p-value = 0.048).
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Table 1. Spearman’s p correlation coefficients (p-value < 0.05) for parameters L, O, and D with respect
to annual residential electricity consumption by number of dwellings in Andalusian municipalities
(data source: SIMA-2019 [64]).

p (x,y)

LOD Parameter, x y = Electric p Size P -Ya}lue
Class . Effect Significance
Consumption

D Average household size 0.55 5.11 x 107%*
D Average No. of dwellings per residential building 0.51 BIG (+) 1.19 x 104
(@) Average annual income per household 0.50 1.16 x 10~%
D Average artificial nighttime light glare (NTL) 0.46 MEDIUM 5.96 x 10730
D Average height of residential buildings 0.43 (+) 2.48 x 10731
L Urban heat island, night-day difference 0.35 3.99 x 10~
L Summer climatic severity (SCS) 0.20 SMALL 2.84 x 10707 *
O Unemployment rate 0.03 (+) 5.04 x 1071 **
D Density of principal dwellings in urban area —0.08 474 x 1072 *
L Global solar radiation -0.12 SMALL 2.07 x 1073 *
D Average floor area of dwellings —0.16 (=) 3.40 x 107°*
L Winter climatic severity (WCS) -0.23 212 x 1072 *
L Elevation, height above sea level —-0.33 MEDIUM 8.19 x 10~19
D Ratio of single-family buildings to total —0.47 (-) 1.19 x 1074
) Percentage of single-person households —0.53 3.69 x 10720
(@) Percentage of population over 65 years old —0.54 BIG (—) 1.58 x 10751
@) Average population age —0.55 1.01 x 1075
D Average age of residential buildings —0.56 5.30 x 10755

LOD classes: L, location; O, occupants; D, dwellings. p Size effect: BIG > 0.50; 0.3 < MEDIUM < 0.5; 0.1 < SMALL
< 0.3. Significance level: (*) low and (**) null.

It is worth noting that demographic parameters appeared to exert a greater influence than
other factors, with climate showing a comparatively lower impact on household electricity
consumption. Data on urban and building morphology had an intermediate weight in the
influence. Although the unemployment rate is included in similar studies, in this case, null
incidence and low significance were observed at this scale. Nevertheless, it should be noted
that the computed electrical energy consumption value was not available in all localities,
showing clear distortions in some cases. Consequently, after filtering, the final normalized
SIMA dataset registered only 665 of the 785 possible records for Andalusia. Furthermore, the
electricity consumption registered did not represent the entire final energy consumption of
the residential sector in these municipalities. The electricity consumption considered has been
distributed by local utilities companies operating in most of the municipalities in Andalusia,
applying the ‘residential tariff’. This tariff also registers electricity consumption attributed to
many small businesses and tertiary uses, resulting in deviations between what is expected
and what is declared, as described in SPAHOUSEC I [76].

The irregular results observed with the higher prevalence of demographic data over
climatic data in REC cannot and should not be extrapolated to general energy consump-
tion. Climate variability across Andalusia affects the type of HVAC installation used in
dwellings and, in turn, the consumption of a mixture of different energy sources, apart
from electricity [77,78].

3.1.2. LOD Parameter Selection

According to the correlation analysis and additional strategic and methodological
considerations detailed above, the parameters finally adopted at the regional-municipal
scale for the LOD data model are shown in Table 2, with a statistical summary for Andalusia.
The feature selection included the highest correlated parameters as well as others often
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posited in the literature as linked to energy consumption. The complete LOD dataset for

municipalities in Andalusia can be accessed in Appendix A.

Table 2. REC predictive parameters considered in the LOD data model for Andalusia: statistics.

Category Par. REC Predictive Parameter Description Unit Mean Std. Dev
11 Winter climatic severity (WinCS) - 0.69 0.23
12 Summer climatic severity (SumCS) - 1.20 0.17
L, 13 Annual global solar radiation kWh/m? 5.00 0.25
Location 14 Elevation, height above sea level m 503 333
15 Distance from the coastline km 64 48
16 Maximum temperature in July °C 32 2.30
ol Average population age years 44.0 4.20
02 Percentage of population under 18 years old Y% 15.0 4.30
o, o3 Percentage of population over 65 years old % 21.0 6.20
Occupants o4 Average household size Persons 24 0.28
05 Unemployment rate Y% 24.0 5.30
06 Average annual income per household € 21,500 3522
d1 Density of principal dwellings in urban area dwellings/ha 32 17
d2 Average artificial nighttime light glare (NTL) nW/(cm?sr) 225 517
D, d3 Average height of residential buildings floors 1.50 0.47
Dwellings,and urban ~ d4 Average age of residential buildings years 44 9.10
environment d5 Average floor area of dwellings m? 130 19
d6  Percent of single-family to total residential buildings % 80.0 21
d7 Average No. of dwellings per residential building dwellings 1.40 0.87
3.2. Location, Occupant, and Dwelling Clustering
The application of clustering algorithms to the LOD dataset for each individual cat-
egory resulted in a set of clusters, as analyzed below, as well as in the allocation of the
potential REC process and discussion.
3.2.1. Location
Based on the statistical summary for each L, O, and D cluster, the potential REC
ranking could be established for the individual categories among the clusters observed.
Therefore, analysis was required prior to completing the PotREC assignment process of the
L, O, and D categories.
The statistical summary of the characteristic parameters analyzed to perform each
cluster according to the L, O, and D profiles is shown in Tables 3-5.
Table 3. Statistical summary and PotREC_L allocation of location clusters.
Location Unit Average Ranking a*
Parameter ** Location Cluster Location Cluster
LO L1 L2 L3 L4 LO L1 L2 L3 L4
11 WinCS - 1.12 0.77 0.49 0.41 0.77 5 4 2 1 3 1
12 SumCS - 1.03 1.10 1.37 1.14 1.37 1 2 5 3 4 1
13 AGSolRad. kWh/m? 5.18 5.15 4.79 4.98 4.98 5 4 1 3 2 1
14 Elevation m 1013 668 156 171 517 5 4 1 2 3 1
15 DCoastline km 70 48 76 16 143 3 2 4 1 5 1
16 TMaxJuly °C 32 31 34 30 34 3 2 5 1 4 1
Location Score 22 18 18 11 21
Location Potential REC, PotREC_L 5 3 2 1 4

* a = Weighting coefficients for 1; to ]; for the location parameter vector in Equation (2). ** Description in Table 2.
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Table 4. Statistical summary and PotREC_O allocation of occupant clusters.
Occupant Unit Average Ranking b *
Parameter ** Occupant Cluster Occupant Cluster
0o 01 02 03 04 00 01 02 o3 04
ol AvePopAge # years 4970  40.67  46.08 4279  49.45 - - - - - 0
02 Pop <18 % 7.50 18.88 13.63 16.96 10.14 1 5 3 4 2 1
03 Pop > 65 # years  25.50 1538  23.33 18.74  28.19 - - - - - 0
o4 HousSize Person  1.89 2.69 2.19 2.51 2.09 1 5 3 4 2 1
05 Unemploy # % 3705 2200 3046 2610 @ 21.65 - - - - - 0
06 HousAvelnc € 16,720 25,373 18,253 21,362 19,628 1 5 2 4 3 1
HousEIREC ***  kWh 2337 3724 2372 3370 2499 2 5 3 4 1 1
Occupant Score 5 20 11 16 8
Occupant Potential REC, PotREC_L 1 5 3 4 2
* b = Weighting coefficients for o; to o; for the occupant parameter vector in Equation (2). ** Description in Table 2.
** Annual electrical consumption per dwelling analyzed in Section 3.1.1 (source: SIMA dataset). # Parameter not
evaluated for PotREC_L estimation.
Table 5. Statistical summary and PotREC_D allocation for dwelling clusters.
Dwellings Unit Average Ranking c*
Parameter ** Dwelling Cluster Dwelling Cluster
Do D1 D2 D3 D4 Do D1 D2 D3 D4
d1 dwellings/ha  dwel/ha 31.70 1730 2326 2191 18.46 1 4 2 3 5 1
d2 AveNTL nW/cm?sr 723 189 300 179 92 1 3 2 4 5 1
d3 AveHghRB floors 2.10 1.48 1.78 1.93 1.08 1 4 3 2 5 1
d4 AveAgeRB year 3418 3632 3545 4576 5218 1 3 2 4 5 1
d5 DwAveFlAr m? 10241 13353 11996 144.03 134.61 1 3 2 5 4 1
de SigFamRB % 31.60 9047 6170 8594 9416 1 4 2 3 5 1
d7 Dw/Bld dwellings 3.16 1.10 1.47 1.20 1.01 1 4 2 3 5 1
Dwelling Score 7 25 15 24 34

Dwelling Potential REC, PotREC_L 1 4 2 3 5

* ¢ = Weighting coefficients for d1 to di for the dwelling parameter vector in Equation (2). ** Description in Table 2.

The map in Figure 6 presents the five clusters found. In keeping with their geo-statistical
analysis, they were identified and named as “LO—Mountain climate”, “L1—Penibaetic and
Aracena mountain ranges”, “L2—Guadalquivir Valley”, “L3—Coastal”, and “L4—Sierra
Morena Range”.

Each location cluster found displayed a uniquely characteristic profile, as well as
a clearly identifiable geographical distribution linked to well-known homogeneous geo-
graphical areas of Andalusia. Accordingly, cluster LO represents the towns with the most
severe winter climate, at an average altitude of 1013 m.a.s.1,, in the provinces of Granada
and Jaén. Clusters L1 and L4 showed certain similarities, including inland populations
with average elevations of between 500 and 600 m.a.s.l. located in mountainous areas
with a Mediterranean-continental climate, with mild to very cold winters and warm or hot
summers, in the case of L4 (Sierra Morena). L2 is clearly distributed around the Betic de-
pression or the inland Guadalquivir valley, displaying the highest mean July temperatures
and summer climatic severity, with mild or temperate winters.
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Figure 6. Location clusters. Distribution and description.

Finally, the L3 municipalities are distributed along the entire Andalusian coast, with
mild winters and warm to hot summers and the lowest average maximum July tempera-
tures of the dataset

The criteria applied when assigning PotREC_L corresponds to the combination of
winter and summer climate severity and extreme temperatures, while elevation or distance
from the coast are indicators of a more severe climate, especially in winter. In decreasing
order, these localities can be classified as follows: the high mountain zone L0, the highlands
L4 and L1, Guadalquivir valley L2, and finally, the coast L3. Consequently, the allocation
was as expected, depending on the amount of heating consumption known for each area.

3.2.2. Occupants

The occupant clustering process resulted in four main clusters: “Ol—Population in capi-
tals and large municipalities”, “O2—Small populations in mountain areas”, “O3—Medium-
sized towns and cities”, and “O4—Older population in rural areas”. The distribution and
statistical summary of the characteristics of occupant-class clusters identified can be found in
Table 4 and Figure 7.
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Figure 7. Occupant clusters. Distribution and description.

The profiles for clusters O1 and O3 combined demographic growth indicators (lower
average age, higher rate of young people, a lower elderly population, and more people per
household), whereas the reverse situation was observed in O2 and O4. An examination of
economic indicators also showed coherence, since O1 and O3 had lower unemployment
rates and higher incomes, unlike O2 and O4, although O4 combined lower incomes and
unemployment rates.

Cluster O0, with only two municipalities, was considered an outlier of O4, and could
in fact be included in the latter, despite its extreme combination of aging population,
unemployment, and low incomes. It should be stressed that in the case of the PotREC_O
assignment process, as expected, the resulting grade (1-5) assigned matched the exact
order of O clusters in the ranking of persons per household (higher number of occupants
commonly implies higher consumption per household).

3.2.3. Dwellings

Based on the residential building stock in Andalusian municipalities, the clustering pro-
cess followed here enabled us to find five town clusters within this category, presented in Fig-
ure 8: “D0—Cities and large municipalities”, “D1—Low-density towns”, “D2—Municipalities
in metropolitan areas”, “D3—Inland towns with large houses from the 1960s and 1970s”, and
“D4—Small villages with old single-family houses”.
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Figure 8. Distribution and description of dwelling clusters.

The results obtained, summarized in Table 5, show that cluster DO corresponded
to municipalities with a clear urban layout, characteristic of cities, including the highest
dwelling density, the highest NTL brightness, and the highest share of high-rise multi-
family buildings of the whole set.

Clusters D1 and D3 offered a very close match to their profile, although, as seen in
Figure 8, location D1 is concentrated in western Andalusia and D3 in eastern Andalusia.
Nevertheless, D3 presented higher percentages of multi-family buildings and average
dwelling sizes, with higher numbers of constructions, which were, on average, noticeably
older (by almost nine years) than those found in the western cluster. Cluster D2, located
in high-population towns around the capital cities, presented the same profile in age and
building typology as DO. The last cluster, D4, is located in small mountain villages, made
up mostly of older single-family housing stock, with the highest average age of all. As
predicted, the resulting PotREC_D assignment followed the same order as the average age
of the dwellings of the individual clusters. Therefore, capital cities and metropolitan towns
theoretically have the most efficient residential stock, while the buildings in small rural
villages, which are mostly larger single-family houses, with older construction and fixtures,
present the highest potential energy consumption.

3.3. LOD Cross-Clustering

Once the L, O. and D clusters for each municipality were obtained, an additional
grouping process, named ‘cross-clustering’, as described in Section 2, was carried out. This
process was used to identify any individuals simultaneously belonging to the same L, O,
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and D clusters. It is considered essential in order to address the issue of potential multi-
collinearity arising from the clustering of L, O, and D factors. According to combinatory
rules, taking 5 possible values with 3-by-3 repetition resulted in 75 possible combinations of
L, O, and D clusters. However, only 72 different combinations were found when applying
the clustering algorithm to the Andalusian dataset for these categorical parameters (L, O,
and D categories). These combinations resulted in a set of 72 LOC cross-clusters detected
in the final process. As 7 of the clusters found had only 1 member, the final number of LOD
cross-clusters was reduced to 65.

This then allowed 99.10% of the municipalities, 99.79% of the main housing stock, and
99.82% of the population to be grouped into 1 of the 65 clusters detected.

A set of 10 relevant clusters has been identified, covering 21% of the total number
of municipalities and representing 74% of the population, 73% of the dwellings, and 67%
of the potential REC of the region. The rest of the clusters obtained, found mostly in
rural populations, can be considered less significant, as their characteristics were less
representative and differed greatly.

The distribution pattern of PotREC_LOD (Figure 5) showed the variability of this
parameter and its coherence with the existing geographic and socioeconomic context
throughout the region.

3.4. LOD Cross-Clustering Sample Application

An example of the application or implementation of the methodology is presented,
identifying towns that should be prioritized in terms of energy intervention, for example,
in retrofitting funds. Using the L, O, and D clusters and PotREC indicators obtained as
starting points, LOD cross-clusters were identified, based on initial search criteria according
to their respective L, O, and D characteristics. Therefore, a search process inverse to that of
clustering was conducted, predefining the characteristics of the set to identify the locations
of the municipalities meeting them. To optimize investment socially and technically,
the search located the municipalities whose profile, expressed in Table 6, matched the
combination of the most unfavorable conditions of vulnerability to energy poverty: extreme
climate, inefficient housing stock, and a population with low purchasing power.

Table 6. Example of methodology implementation. Identification of clusters by search profiles
characterized from PotREC L, O, and D indicators: at risk of energy vulnerability.

Cluster Description

PotRECL, O, D Clusters L, O, D . -
L (Location), O (Occupants), D (Dwellings)
PotREC_L =5 (max.) LO L—Mountain climate
PotREC_O =2 (min.) 04 O—Older population in rural areas
PotREC_V =5 (max.) V4 D—Small villages with old single-family houses
LOD Cluster (5, 2, 5) C65 Situation of energy vulnerability

According to this search profile, the LOD cluster of municipalities of the case was C65.
LOD cluster C65 has a profile of energy vulnerability and includes a group of 39 small
municipalities and villages located in mountain areas in eastern Andalusia.

3.5. Bottom-Up Data-Driven Model for Estimation of Provincial REC Based on Municipal
LOD Parameters

This study validated the current information obtained for the set of towns in Andalusia.
Here, we tested a new bottom-up statistical energy model [21] based on the LOD Potential
REC of the municipalities for each Andalusian province and its number of dwellings.
This new ‘Model 1’ was then compared with official REC consolidated statistics and two
additional statistical models based in each province, dwelling ‘Model 2’ or population
‘Model 3’. The three models compared were, therefore, based on the weighted proportion
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of regional REC to each province population, dwelling, or PotREC_LOD by the number
of dwellings.

The mean absolute error (MAE), with respect to official statistics, for each model was
obtained, as described in Table 7, showing the calculation of the regional REC distribution
unitary coefficients of each model for the individual provinces.

Table 7. Determination of the mean absolute error (MAE) of the bottom-up models for estimating the
provincial REC distribution.

Province Andalusia
Almeria Cadiz Cordoba Granada Huelva Jaen Malaga Seville Total Mean
Sum Absolute
. Error,
Consolidated Data MAE (%)
2018 REC (ktoe) ! 133.20 220.90 193.00 271.20 107.40 182.00 376.60 425.10 1909.60
Share 2 0.0698 0.1157 0.1011 0.1420 0.0562 0.0953 0.1972 0.2226 1.0000
Model 1
(PotREC_LOD)
Dw-PotREC_LOD?® 1,861,271 2,977,533 2,635,020 3,391,391 1,567,658 2,616,150 4,361,031 6,009,855 25,419,909
Share 2 0.0732 0.1171 0.1037 0.1334 0.0617 0.1029 0.1716 0.2364 1.0000
Absolute error * 0.0035 0.0015 0.0026 0.0086 0.0054 0.0076 0.0257 0.0138 0.0686 0.86%
Model 2
(No. of Dwellings)
Dwellings 251,022 449,076 297,435 358,251 190,630 247,993 606,995 700,061 3,101,463
Share 2 0.0809 0.1448 0.0959 0.1155 0.0615 0.0800 0.1957 0.2257 1.0000
Absolute error * 0.0112 0.0291 0.0052 0.0265 0.0052 0.0153 0.0015 0.0031 0.0972 1.21%
Model 3
(Population)
Population 727,945 1,244,049 781,451 919,168 524,278 631,381 1,685,920 1,950,219 8,464,411
Share 2 0.0860 0.1470 0.0923 0.1086 0.0619 0.0746 0.1992 0.2304 1
Absolute error * 0.0162 0.0313 0.0087 0.0334 0.0057 0.0207 0.0020 0.0078 0.1259 1.57%

! Source: REC-2018, Annual energy figures. Consumo Energia Final Sector Residencial. Agencia Andaluza de la Energia
[79]. 2 Province share with respect to total region, expressed in parts per unit. 3 Total sum of province towns
(value of number of dwellings x PotREC_LOC). 4 Absolute error with respect to 2018 REC share.

The Model 1 MAE for estimating provincial REC was 0.86%, significantly lower than
Model 2 (MAE 1.12%) and Model 3 (MAE 1.57%). This demonstrates the reliability of the
application of this model based on the current information and knowledge obtained from
the research process.

4. Conclusions

Typically, available studies and statistics on energy consumption in residential building
stock in the region do not present enough detail and resolution to be applied to energy
modeling at regional or urban scales. They often present significant deviations, specifically
in the estimation of the energy consumption of air conditioning of households. Furthermore,
real sub-regional figures of actual residential final energy consumption are not publicly
available in most of the cases. An open data research approach helps enrich the analysis
capacity and provide adequate resources for analysis. The methodology proposed here
provides a predictive model for REC from regional to municipal scales. As this model is
open and adaptable to different specific groupings with common characteristics (clusters),
it can be replicated in other regions or territories with the proper settings. One of the
strengths of this approach is its capacity to customize the influence of parameter categories
on the model depending on the desired study approach or scope.

In this case, based on the selection of parameters from three categories: L (location),
O (occupants), and D (dwellings), a clustering model of municipalities was provided and
applied to the region of Andalusia. When applied to the case of this region, it resulted in a



Buildings 2024, 14, 2335

19 of 23

total set of 65 clusters—or sets of municipalities—as detailed in the results annex. These
were obtained from open datasets and had a high or medium correlation with the REC.

The clustering model was used to classify and identify the characteristic profile (LOD)
in relation to REC, not only in terms of territorial distribution for individual municipalities,
as in the case study, but also for metropolitan areas, associations of municipalities, counties,
provinces, etc.

The method provided a bottom-up predictive model of REC at the regional-municipal
scale, based on open data. Its application made it possible to obtain the potential REC
(PotREC) of a city, metropolitan area, county, province, region, or any other type of grouping
considered. When applied to the case study, a 0.86% mean absolute error (MAE) was
obtained between the REC predictive model and actual historical data. This shows the
degree of reliability of this model.

Among other actions, the implementation allowed the identification of the most
relevant sets of municipalities in quantitative and qualitative terms on the potential REC. In
the case study, the set of the first ten clusters included 21% of the municipalities, accounting
for more than 73% of the population and dwellings of Andalusia, and 67% of the potential
REC of the region. This predictive model could also be applied to identify clusters of
municipalities in a situation of energy vulnerability or potentially highly suitable for energy
rehabilitation policies, thus opening future lines of research of possible interest in the
planning and management of resources at the regional-municipal scale.

The LOD clusters identified for the case study of Andalusia indicate future approaches
detailing their common characteristics regarding potential REC and practical applications in
planning regional- to town-scale energy strategies, helping stakeholders and policymakers
to improve the performance and decarbonization of the residential building stock.

Future analysis of the correlation between the predictor parameters and the municipal
REC recorded in forthcoming improved quality datasets is expected to contribute to opti-
mizing the clustering processes, generating knowledge and a better understanding of their
influence in consumption.

The future implementation of regional clustering using INSPIRE #250 m statistical
cells or census units across a study region presents great potential as a territorial analysis
tool, from regional to sub-urban scales with continuous resolution, regardless of the size of
the municipality.
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Abbreviations

Al Artificial intelligence

DM Data mining

EUI Energy use intensity

GIS Geographic information system

IECA Institute of Statistics and Cartography of Andalusia

ESCO Acronym for “Energy Services Company”
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INSPIRE ~ Acronym for “Infrastructure for Spatial Information in Europe”

KDD Knowledge discovery in databases

MAE Mean absolute error

ML Machine learning

PotREC Potential residential energy consumption
REC Residential energy consumption

UBEM Urban building energy modeling

Appendix A. Dataset Links

Description File Temporal Link
Complete L, O, and D Andalusia https:/ /www.dropbox.com/scl/fi/cunc25fn7iuo5fe8z04rd /1- AND-LOD_
municipalities dataset DATASET-CLUSTERS.xlsx?d1=0&stlkey=0cmccg3pj6ic32hObkph2i6el
https:
Andalusia LOD Cross-Clusters dataset / /www.dropbox.com/scl/fi/sqéwnnlvzednx3vrblbto/2- AND-LOD_CROSS-

CLUSTERS_AGGREGATED. .xIsx?dl=0&rlkey=2tasfufi37in8otebouwlm5qp

GIS archive (Geopackage)

https:/ /www.dropbox.com/scl/fi/cmwbrbnqty9c3dji9qe5q/ ANDALUSIA _
LOD_DATA-CLUSTER.gpkg?dl=0&rlkey=06de8475sstpdovygkw30vOnh

SIMA dataset

https:/ /www.dropbox.com/scl/fi/siabuwdpbaSbivxgtc97k /SIMA2019SelLOD.
csv?dl=0&rlkey=g3cdy4q7ye56€j89302grph5p

SIMA correlation table

https:/ /www.dropbox.com/scl/fi/bksj18jw108tjldyobcby/SIMA2019-
CORRELATION-TABLE.csv?dl=0&rlkey=jmdxii7owkbxycygyxn6tk8hz

SIMA correlation chart

https:/ /www.dropbox.com/scl/fi/qpylojboq8kOwh5cwmdv1/CorrPlot.tiff?dl=
0&rlkey=p18yp92spjci50gcoal73vsco
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