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Abstract

This study addresses neighborhood-level sustainability in
urban development as a critical lever in Germany’s energy
transition goals. It explores identifying reference districts
through Geographic Information System (GIS)-based ma-
chine learning (k-means algorithm) and public data, uti-
lizing clustering methods to analyze spatial and socio-
infrastructural metrics. The methodology yields signifi-
cant insights into district definition and characterization,
integrating technical and human understanding of urban
dynamics. The findings highlight the importance of at-
tribute selection in neighborhood classification and extend
beyond mathematical validation to include social context
comprehension. The developed technique is applied to a
case study involving the city of Aachen.

Introduction

In the energy transition, particularly within the build-
ing sector, renewable energy systems are crucial for a
climate-neutral energy supply, with heating and hot wa-
ter consumption constituting a significant portion of Ger-
many’s building energy use (BMWK-Bundesministerium
fiir Wirtschaft und Klimaschutz, 2022). The traditional,
fossil-based energy infrastructure often limits the imple-
mentation of innovative, demand-driven thermal solutions
(Acksel et al., 2017). District solutions are pivotal in opti-
mizing energy potential and achieving economies of scale
through sector coupling (Reicher et al., 2020). This ap-
proach integrates energy-saving strategies, efficiency, and
renewable use, considering building characteristics, user
behavior, and technical infrastructures (Tobermann and
Yu, 2021).

However, municipalities’ current practices in urban-scale
energy system planning are fragmented, often leading to
slow and inefficient implementation (Boenigk et al., 2019).
To address this, the paper advocates for establishing ’ref-
erence districts’ as a means to streamline and standard-
ize energy solutions, facilitating their application within
and across various municipalities. Therefore, the paper
discusses the challenges in defining district boundaries,
especially in existing, evolving neighborhoods, and pro-
poses using GIS and machine learning techniques on pub-
lic datasets to identify and classify districts based on di-
verse attributes. This approach aims to enhance the scala-
bility and effectiveness of energy solutions within existing
infrastructures.

The concept of a neighborhood or district, lacking a uni-

versal definition, is interpreted variably across urban plan-
ning, cultural, and social perspectives (Feldmann, 2009).
In urban planning, districts are defined by physical at-
tributes such as building density, types, ages, and loca-
tions, including aspects like energy-efficient urban aggre-
gation (Reicher, 2013; Reicher et al., 2020). Socially,
they are important spaces for daily life, social interaction,
and identity formation, embodying a range of physical
to historical dimensions, thus influencing individual and
communal life (Schnur, 2008). Neighborhood sizes vary,
ranging from large housing estates to small settlements,
with manageability and social identification as key criteria,
typically not exceeding 20,000 residents (Bundesinstitut
fiir Bau-, Stadt- und Raumforschung, 2012; Mehnert and
Kremer-Preif3, 2014). Neighborhood attributes encompass
a diverse spectrum including functional, spatial, socio-
demographic, technical, economic, cultural-historical, and
legal aspects, with differentiating factors such as natural
boundaries, architectural typology, social structure, and
community spaces (Malottki et al., 2013).

In case of newly planned districts, specific demarcation
and energy zoning are simple, as they are planned in ad-
vance and meet current energy standards. In the case of ex-
isting districts, however, the question of boundaries arises
because they are continuously developed, changed, and
have grown over time. The question is, how can bound-
aries be defined in order to utilize energy potential in the
context of the district?

For the practical application of district energy solutions,
it is vital to recognize the diversity among district types.
This paper puts forth a strategy for establishing neighbor-
hood boundaries by employing georeferenced information
combined with machine learning techniques on accessi-
ble datasets. Such techniques enable the amplification of
energy solutions in pre-existing infrastructure, by creating
reference districts defined by specific attributes. These can
range from singular features like the type of buildings to
an amalgamation of several traits. Consequently, this aids
in the convenient replication of district energy solutions
in comparable neighborhoods, resulting in a wide spec-
trum of reference districts, each marked by its distinct set
of characteristics.

Related Research

This literature review explores statistical approaches, ma-
chine learning, and GIS in urban planning, emphasizing
their role in energy evaluation and spatial analysis. It



covers various approaches to mapping urban energy prop-
erties, classifying urban areas, and developing tools for
sustainable urban development, highlighting the advance-
ments and applications of these technologies in urban mor-
phology analysis.

In the field of urban energy evaluation, several key projects
and methodologies have emerged. The UrbanReNet
project by Dettmar et al. (2020) systematically mapped the
energetic properties of urban areas, analyzing prototypical
elements of urban architecture and spaces for energy and
structural values. This approach, combining urban mor-
phology and land use, allows for a representation of Ger-
many’s building stock. It integrates qualitative and quan-
titative methods for evaluating energy generation, storage,
and networking, leading to the development of mathemat-
ical models and software tools for neighborhood-level en-
ergy supply concepts.

GIS-based analyses have been pivotal in understanding en-
ergy dynamics in urban areas. Mirz (2016) employed GIS-
based multi-criteria decision analysis to locate neighbor-
hoods at risk of energy poverty, focusing on space heating.
Alpagut et al. (2021) and Quénéhervé et al. (2018) used
GIS to optimize land use for solar production and its local
energy impact.

In identifying and classifying settlement areas, Jochem
et al. (2018) utilized geo-based vector data and machine
learning to classify residential settlements in Afghanistan,
while Gonzalez et al. (2020) applied deep learning to iden-
tify urban building typologies. Arribas-Bel et al. (2021)
and Perez et al. (2020) explored urban cluster analyses us-
ing modified DBSCAN and Bayesian Networks, respec-
tively, to analyze building types and urban functions.
Regarding city planning and administration, considering
neighborhood dynamics, Photis (2012) developed the SPi-
RAL algorithm for redistricting electoral districts. Lopez-
Moreno et al. (2022) introduced a GIS-based approach for
classifying residential areas in Madrid, aiding in energy-
efficient urban renewal strategies. Similarly, Kelm et al.
(2019) applied a semi-automatic approach using official
geobase data in North Rhine-Westphalia (NRW) to cre-
ate block structures for city planning and administration,
demonstrating the growing importance of technology and
data in urban planning and energy management.

Our methodology’s choice of attributes for analysis
was guided by this literature review on urban neigh-
borhood characteristics, which highlighted key socio-
infrastructural and energy-related factors to include in our
study.

Methodology
Data Sources

In the process of identifying various reference districts
in Aachen, NRW, a robust data foundation is essential.
To conduct a comprehensive analysis, various public data
sources were utilized in this study, with the main focus
on the city of Aachen, located in western Germany. An
overview of the freely available data sources used can be

found in Table 1.

A central dataset titled ALKIS Real Estate Cadastre pro-
vides detailed information about plots and buildings in
NRW. According to the Surveying and Cadastre Law of the
state of NRW (VermKatG NRW)), it offers extensive infor-
mation about the structure and identification of plots and
buildings. The cadastre, in which these data are recorded,
offers a wealth of information, including geometric and ge-
ographical data, usage, size, and development of each plot.
Additional datasets were sourced from the OpenGeo-
data.NRW portal, which includes, among others, informa-
tion on general and psychiatric hospitals, was last updated
in June 2023. Complementarily, locations of childcare
centers (KiTas) and schools were also incorporated into
the analysis, as they represent crucial social spaces within
a neighborhood.

Energy-related data, such as the location of renewable en-
ergy sources or potential areas for renewable energy in-
stallations, is sourced from the Energieatlas NRW. It is
collected and provided by the State Agency for Nature, En-
vironment, and Consumer Protection of NRW.

The Approach

In this section of our study, we describe the methodology
adopted for analyzing reference districts through a bi-fold
approach focusing on socio-infrastructural factors and en-
ergy sources. The objective was to leverage the clustering
of various public datasets to gain insights into neighbor-
hood structures.

Multiple variables are considered to provide a compre-
hensive view of the various characteristics and dynamics
within a neighborhood. This is achieved by first creating a
so-called feature matrix. A feature matrix is a table where
each row corresponds to an object (in this case, a build-
ing), and each column represents a feature or characteristic
of that object (e.g., the distance to churches). In this con-
text, the features represent urban planning factors. Each
entry in this matrix denotes the value of the corresponding
building feature. Once the feature matrix is established,
a clustering algorithm can be applied. The first cluster-
ing process aims to identify districts that show similari-
ties in terms of the features captured in the matrix. Af-
ter the initial clustering, in which districts are identified,
the dataset is enriched with additional information regard-
ing the building type and specific and absolute heating de-
mands from the Wiarmekaster NRW dataset. Each district
is characterized by the total amount of contained build-
ings, the distribution of building types, and the district’s
aggregated heating demand. Districts with similar feature
values are grouped into the same cluster, resulting in a
reference district, while those with significantly different
values are classified into different clusters. This approach
enables a multidimensional examination of the neighbor-
hoods, allowing us to uncover hidden relationships and
patterns between neighborhoods that might be overlooked
in isolated analyses. Two different feature sets are consid-
ered and are described in the following sections.



Table 1: Overview of the utilized freely available data sources

Dataset Description

Source

ALKIS Real

Estate Cadastre Buildings, Plots

Bezirksregierung Koln

(2024)
Geoportal. NRW Locations of Hospitals and Schools Lanuv NRW (2024b)
Wairmekataster Building Category, Building Type, Heat Demand Lanuv NRW (2024c)
Open Street Map Streets, Religious Institutions, Parks, Supermarkets, Car- OpenStreetMap Con-
sharing, Restaurants tributors (2024)
Solarkataster Locations of Rooftop and Open-space PV Lanuv NRW (2024a)
Energieatlas NRW Biomass, Wind power plants, Hydropower plants, Lignite, Bezirksregierung Koln

Natural gas, Sewage gas, Mineral oil, Hard coal, Mine gas,

Landfill gas

(2024)

Socio-Infrastructural Approach

Various socio-infrastructural data were analyzed to exam-
ine a neighborhood’s social structure. These will be de-
scribed in the following.

In this study, building density is understood as the dis-
tance between individual buildings, which can provide in-
sights into population density and the intensity of residen-
tial developments in a neighborhood. Typically, buildings
in urban areas are constructed in close proximity to each
other, whereas in rural areas, the distance between build-
ings tends to be greater and more variable. For instance,
town or terraced houses often exhibit uniform distances
from one another.

Considering the distance of buildings to religious insti-
tutions might reveal social and urban structural patterns.
This concept dates back to ancient and medieval times,
when churches, temples, and even city halls evolved as fo-
cal points of urban planning (Kaupp (2022)).
Furthermore, green spaces enhance the quality of life for
adjacent residents, offering areas for both social interac-
tion and individual recreation. It is anticipated that the
proximity to parks influences the likelihood of residents
utilizing these areas for leisure activities, potentially shap-
ing local social and cultural boundaries.

In the state of NRW, according to the statewide hospital
plan, accessibility to hospitals within a 20-minute drive
should be guaranteed for 90% of its citizens (Ministerium
fiir Arbeit Gesundheit und Soziales des Landes Nordrhein-
Westfalen, 2023). In this context, the question arises
whether the location of buildings and, thus, their proximity
to hospitals plays a role in defining neighborhoods. Conse-
quently, distance was selected as a relevant attribute for in-
vestigating this relationship. Additionally, the locations of
schools and childcare centers might play a role in the social
delineation of neighborhoods. Children often attend the
school or childcare center closest to their residence. Areas
with such facilities are typically characterized by family-
friendly infrastructure, including playgrounds and similar
amenities. Hence, the distance to playgrounds is also con-

sidered a parameter for investigation.

Moreover, local businesses could influence the character of
neighborhoods. The distance to restaurants, for instance,
might indicate the liveliness of an area. Accordingly, dis-
tances to restaurants and supermarkets were included in
the study.

The spatial proximity to office buildings can indicate
places of work and potentially offer new urban planning
insights. Office buildings, often part of non-residential
structures, tend to concentrate in specific areas along with
other non-residential structures.

Furthermore, the structure of districts is often shaped by
the traffic route network. Examining this factor could re-
veal how street layouts influence the formation of neigh-
borhoods. In urban areas, car-sharing services are in-
creasingly spreading. Analyzing the locations of such car-
sharing facilities could provide indications of neighbor-
hood boundaries.

In calculating distance as a feature, the shortest distance
to the destination, for example, the nearest school, was de-
termined. For streets with a speed limit of 50 km/h, the
shortest orthogonal distance from a building to the street
was chosen as the feature.

Table 2: Clustering attributes for Socio-infrastructural

approach
Building Car- Religious
density sharing institutions
Office Residential Childcare
buildings buildings centers
Playgrounds Restaurants Supermarkets
Schools Parks Hospitals
Roads
(max. 50
km/h)

The complete set of attributes relevant to the Socio-
Infrastructure Model is detailed in Table 2.



Energy Approach

In addressing the energy aspect of our study, we focus
on the significant shift from fossil fuels to renewable en-
ergy sources, a strategic move by the Federal Government
to counteract climate change. This transition is particu-
larly pertinent in NRW, Germany’s most populous state,
which boasts a wide array of energy sources. These range
from traditional fuels like lignite and mined gas to innova-
tive renewable technologies, including biomass and pho-
tovoltaic (PV) energy generation. The pivot towards re-
newable sources signifies the phasing out of fossil fuels,
underscoring the need to ensure continuous access to en-
ergy sources for the future. This is vital for maintaining an
efficient energy supply chain. The crux of our energy ap-
proach is the development of an urban model designed to
map out the distribution of various neighborhoods based
on energy sources within urban settings. A key aspect of
this model involves analyzing the proximity of buildings to
diverse energy carriers, thereby identifying potential areas
for the integration of renewable energy solutions based on
the density of energy sources. By mapping the city’s prox-
imity to these energy sources, our model not only high-
lights Aachen’s current energy infrastructure but also pro-
vides a blueprint for enhancing renewable energy uptake.
This approach aligns with national efforts to transition to-
wards a more sustainable and environmentally friendly
energy mix, reflecting a commitment to reducing carbon
emissions and combating climate change. The following
attributes were considered for the clustering:

* Roof-surfaces PV

* Open-space PV

* Wind power plants

* Hydroelectric power plants
» Sewage gas

* Biomass availability

Integrating these two approaches enables us to construct
a multidimensional description of urban neighborhoods,
highlighting both challenges and opportunities in socio-
infrastructural development, energy efficiency, and renew-
able energy utilization. Subsequently, districts from both
approaches are enriched with data on building types and
heating demand, resulting in a comprehensive dataset en-
compassing all identified districts and their attributes. An
extra clustering step is then conducted to define reference
districts, enabling the assignment of district types from the
social infrastructure and energy perspectives.

After careful consideration of various algorithms, the k-
means clustering method was chosen based on its effi-
ciency in processing large datasets and its simplicity in
implementation. Furthermore, the main hyperparameter
k, the number of clusters, is highly interpretable, allowing
expert knowledge to inform the algorithm tuning process.
While DBSCAN was considered for its density-based clus-
tering capabilities, it is earmarked for future work; how-
ever, it was discarded for the first proof of concept due to
its complex parameter tuning.

Further, to evaluate the effectiveness of the k-means al-
gorithm in producing meaningful clusters, we employ the
Silhouette method. The Silhouette method is a popular
evaluation technique, offering a quantifiable measure of
cluster cohesion and separation, providing a robust justi-
fication for the selected number of clusters compared to
other methods like the Elbow Method. It provides a suc-
cinct graphical representation of how well each object has
been classified. The Silhouette score ranges from -1 to
+1, where a high value indicates that the object is well-
matched to its own cluster and poorly matched to neigh-
boring clusters. This method is particularly useful in deter-
mining the optimal number of clusters and in assessing the
quality of the clusters formed by the algorithm. A hyperpa-
rameter study was conducted using the Silhouette method
for k-values ranging from 6 to 70. The minimum num-
ber of clusters was determined based on the number of the
seven main administrative districts in the city of Aachen.
The choice of the upper limit of 70 was also informed by
the results of the Social Development Plan of the city of
Aachen (Stadt Aachen, 2020).

Through this methodological approach, we aim to achieve
a robust clustering of the given data to find definable refer-
ence districts, providing valuable insights into the under-
lying patterns and relationships within the dataset.

The study used the High-Performance Computing Clus-
ter (HPC) at RWTH Aachen University for intensive com-
putations. Due to QGIS’s limitations in processing large
datasets and tuning hyperparameters, it was replaced by
Python for analysis, while QGIS was used only for visual-
ization. The research employed Python libraries like sci-
kit-learn for machine learning, GeoPandas and Pandas for
data management and feature selection, and Fiona for load-
ing geo-referenced data.

Results

Socio-infrastructural Approach

The methodology focussing on the socio-infrastructural at-
tributes enabled us to delineate 54 unique districts, each
representing a specific typology. The resulting cluster map
can be seen in Figure 1. It can be observed that the larger
clusters tend to be near and around the city center, which
can be explained by the higher density of social infrastruc-
ture in the historical urban core.

Our analysis revealed significant differentiation among
the clusters, particularly in terms of their spatial distribu-
tion and proximity to key urban infrastructures. For in-
stance, significant variations were observed when exam-
ining the distribution of average distances of all clusters
to residential buildings. Some clusters were characterized
by notably shorter distances to residential areas, suggest-
ing a predominance of residential use within those dis-
tricts. This observation hints at the potential functional
specialization of neighborhoods, where some are more
residentially-focused while others may serve different ur-
ban functions.

Further examination of the average distance to religious in-



Figure 1: Clustering result of the Socio-Infrastructural-Model:
54 districts were identified

stitutions across clusters also highlighted distinct patterns.
Certain clusters demonstrated closer proximity to these in-
stitutions, reflecting their potential role in the social and
cultural fabric of those neighborhoods. This differentia-
tion in proximity to key urban elements underscores the
diverse character of urban districts and their unique con-
tributions to the city’s overall structure.

Additionally, the analysis of the distribution of average
distances for various attributes revealed nuanced differ-
ences between clusters. While some attributes showed a
relatively linear distribution across clusters (e.g., distance
to healthcare facilities), others exhibited significant vari-
ability (e.g., distances to childcare centers).

The observed variation indicates that specific urban char-
acteristics might play a more significant role in distin-
guishing neighborhood types. There’s a notable dispar-
ity in the number of buildings per cluster; for instance,
clusters in the city center encompass over 6000 buildings,
whereas those on the city’s outskirts may have as few as 65
buildings. Additionally, there’s a trend where the propor-
tion of non-residential buildings in a cluster tends to rise
with its distance from the city center. Meanwhile, the heat-
ing demand seems to be proportional to the cluster size.

Energy Approach

While looking at the different locations of energy re-
sources in the city of Aachen, a total of 58 different clus-
ters were found, with a Silhouette value of 0.38. Figure 2
shows the different clusters based on the location of vari-
ous energy sources.

The clusters, each representing a unique combination of
energy source proximity, were visually represented to pro-
vide insights into the spatial distribution of energy infras-
tructure across the urban fabric. This visualization under-
scores the variance in access to different energy sources

Figure 2: Clustering result of the Energy-Model: 58 districts
were identified

across neighborhoods, such as biomass producers and PV
installations. This examination revealed notable differ-
ences in how closely neighborhoods are situated to renew-
able energy sources, highlighting areas with potential for
further development of sustainable energy solutions.

In particular, the study found varying degrees of prox-
imity to biomass energy producers and rooftop PV sys-
tems across the clusters. Some clusters demonstrated close
proximity to biomass sources, suggesting an emphasis on
bioenergy utilization, while others were characterized by
greater distances, indicating potential areas for increased
biomass energy integration. Similarly, the examination of
distances to PV installations provided a snapshot of the
penetration of solar energy within urban areas, identify-
ing clusters that could benefit from enhanced solar energy
deployment.

In contrast to the first method, the range of building distri-
bution per identified cluster is significantly narrower, with
the highest count being 2334 buildings and the lowest at
70. Additionally, the total heating demand correlates less
with the number of buildings and more with the types of
buildings present. The distribution of building types per
cluster also exhibits a less steep gradient compared to that
observed in the first approach.

This clustering analysis sheds light on the intricate rela-
tionship between urban form and energy infrastructure, of-
fering a foundation for targeted urban planning and energy
policy development. By pinpointing districts with spe-
cific energy characteristics, policymakers and planners can
tailor strategies to optimize energy efficiency and expand
renewable energy use within urban ecosystems. This ap-
proach not only contributes to the sustainability of urban
areas but also supports broader goals of energy transition
and climate change mitigation.



Reference Districts

Integrating districts from socio-infrastructure and energy
methods into a unified clustering process resulted in the
identification of six unique reference district types. These
types were defined by key characteristics: the total number
of buildings in each cluster, the variety of building types,
and the total aggregated heating demand. This compre-
hensive overlay of districts from both methods facilitated
their categorization into one of the six reference types, as
depicted in Figure 3. The clustering effectiveness, mea-
sured by the Silhouette score, was 0.433 for k=6.

Figure 3: Results of the Reference Districts Clustering: Overlay
of Socio-Infrastructural and Energy Model Districts

On the map, it is clearly visible that the reference district
types form an orbicular pattern around the city center. Ta-
ble 3 summarizes the mean distributions of each building
type and specific heating demand for the six reference dis-
trict types.

Cluster number four represents Aachen’s urban center and
is the city’s most densely populated region, which is ev-
ident from the high number of buildings in this refer-
ence district. Characterized predominantly by large multi-
family housing (BMFH), this cluster has the highest spe-
cific heating demand among all clusters, significantly ex-
ceeding others. In contrast, cluster two, encompassing the
city’s outskirts, has the lowest heating demand. Clusters
one and six share striking similarities, not only in residen-
tial building distribution but also in heating demand and
location, as depicted in Figure 3. However, there are sig-
nificant differences in their absolute heating demands. The
total demand of cluster six is nearly 1.5 times higher than
that of cluster one.

A detailed examination of Table 3 highlights the primary
emphasis of the clustering process. It shows that each iden-
tified reference district type is predominantly character-

ized by a single building type.

Discussion

The clustering approach uses a feature matrix aimed at a
holistic approach, considering multiple attributes simul-
taneously. In this study, while defining two base mod-
els for identifying typological neighborhoods using pub-
lic datasets, it was crucial to select relevant attributes, as
irrelevant ones could distort outcomes. Selecting specific
attributes for clustering still remained a subjective chal-
lenge. The approach incorporated biases related to socio-
infrastructural aspects to provide insights into patterns that
may be prevalent across other communities within NRW
and thereby acknowledging the influence of preconceived
constructs of the attributes. The results demonstrated that
not all attributes cluster effectively, with some showing lit-
tle variance across neighborhoods, highlighting the need
for careful attribute selection in urban area analysis due to
the dynamic nature of urban development and infrastruc-
ture changes. Additionally, increasing dimensions compli-
cated clustering without compromising quality, often re-
sulting in indistinct clusters.

The chosen k-means algorithm necessitates predefining
the number of clusters (k), with determining the ideal num-
ber being a significant challenge. Computation efficiency
requires setting a specific range for k, as demonstrated in
the Aachen case study. However, estimating this range be-
comes increasingly complex for larger or more diverse ge-
ographical areas, such as the whole state of NRW, which
encompasses multiple cities and rural areas, the latter be-
ing outside the scope of this study. The utilization of the

Silhouette Score vs. Number of Clusters
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Figure 4: Silhouette score for k-means clustering of
Socio-Infrastructural-Model for different k

Silhouette score to identify the optimal 'k’ for k-means
clustering was a critical component of our analysis. This
evaluation method, grounded in mathematical principles,
provides a quantifiable measure of cluster coherence and
separation. However, it is essential to note the distinction
between the mathematical assessment of cluster quality
and the perceived social characteristics of neighborhoods.
While the mathematical evaluation offers a systematic ap-



Table 3: Mean distribution of cluster attributes: Single-Family-Dwelling (SFD), Big-Multi-Family-House(BMFH), Terraced House
(TH), Multi-Family-House (MFH), Non-Residental Buildings (Non.-Res), specific heating demand (demand)

Cluster SFD BMFH HR MFH TH Non- demand
Res. kWhmla™!

1 pink 490.2 106.17 0.5 80.66 314.37 169.79 156305.82

2 red 190.22 33.87 0.1 34.66 67.00 93.06 56945.96

3 orange 232.90 728.60 1.30 205.30 257.90 535.00 269755.08

4 yellow 411.0 2451.00 4.0 825.0 545.00 2370.00 956452.06

5 green 787.50 746.00 1.0 351.00 915.00 587.50 472010.96

6 blue 355.75 164.25 5.25 101.75 178.25 353.25 157519.04

proach to determining cluster quality, it may not capture all
aspects relevant to interpreting these clusters effectively.
Moreover, it was observed that the graph displayed compa-
rably high Silhouette scores with significantly fewer clus-
ters (Figure 4). This phenomenon suggests that a more
compact cluster formation can provide a similarly coher-
ent and well-separated structure as configurations with a
larger number of clusters. This finding is particularly il-
luminating, as it implies that optimal clustering does not
necessarily equate to maximizing the number of clusters
but rather to identifying a configuration that balances clus-
ter coherence with the complexity of the model. This dis-
crepancy underscores the importance of not solely relying
on quantitative metrics for interpreting cluster results. An
understanding of the urban structure, historical develop-
ments, and other pertinent factors should also be incor-
porated. Such a holistic approach ensures that the inter-
pretation’s significance is not merely confined to numeri-
cal values but is enriched by a comprehensive context of
neighborhood structures.

Conclusion and Future Work

This study yielded significant insights into the feasibil-
ity of neighborhood classification studies while highlight-
ing opportunities for future research. It showcased an
innovative approach to urban planning and energy man-
agement by integrating socio-infrastructural and energy
data to identify reference districts within Aachen, NRW.
The cluster analysis conducted for Aachen revealed spe-
cific structural and characteristic patterns within its neigh-
borhoods. By employing clustering techniques on pub-
lic datasets, the research illuminated the complex inter-
play between urban form, energy infrastructure, and so-
cial dynamics, contributing valuable insights into sustain-
able urban development and the energy transition. The
methodology demonstrated the potential of using machine
learning and GIS technologies to dissect and understand
the multifaceted characteristics of urban areas. However,
the study also highlighted several challenges, including the
subjectivity in selecting clustering attributes, the difficulty
in managing and integrating large and diverse datasets,
and the computational demands of processing extensive
urban data. Applying the same analysis to the entire state
of NRW would likely yield different results due to its di-

verse composition of cities, rural areas, and villages, each
with unique structures and attributes, requiring spatial un-
derstanding and various validation methods. Investigating
various validation methods could also comprehensively
assess cluster result quality. A systematic examination
of the weighting of individual characteristics may enable
a more nuanced, context-specific classification, acknowl-
edging the varying impacts of different features on neigh-
borhood formation. These challenges underscore the need
for further refinement of the methodology and the explo-
ration of more advanced machine learning techniques to
enhance the precision and applicability of the findings.
Additionally, integrating socio-economic or environmen-
tal indicators could better represent neighborhood charac-
teristics and contribute to developing more comprehensive
models. Including the performance and impacts of energy
producers on the power and heating networks and building
energy inputs in the study of energy neighborhoods could
offer a more holistic view.
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