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 A B S T R A C T

A transition in the heating sector – particularly for buildings – is essential to address climate change. Heating 
solutions will need to vary significantly depending on local conditions such as climate, building standards, 
and the availability of waste heat. Emerging generations of low-temperature district heating systems enable 
the integration of new waste heat sources, but identifying feasible, initial design heating concepts remains a 
time-consuming task. In this paper, we present UrbanHeatOpt, a user-friendly, modular software framework 
that streamlines the entire process — from generating high-resolution heat demand data to identifying potential 
community heating concepts. The tool supports both early-stage planning in municipalities and more in-depth 
analyses to inform policy-making in the heating sector.
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. Motivation and significance

Advanced optimization models [1,2] and comprehensive datasets 
or transnational generation [3] and transmission expansion plan-
ing [4] are already available to support decision-making in the power 
ector. In contrast, the heating sector still lags behind and remains 
ignificantly more fragmented. Regional differences in climate condi-
ions, building standards, heating technologies, ownership structures, 
nd urban morphology hinder the application of universal solutions. 
onsequently, effective heat transition strategies must be developed at 
he district or municipal level [5]. Although there are existing tools 
or detailed building simulations [6] or district heating network design 
e.g., detailed in energyPRO [7], or more holistic in nPro [8]), these are 
ften not suited for early-stage planning. Many require highly granular 
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input data and domain-specific expertise, limiting their usability in 
exploratory or policy-driven scenarios.

Research and practical planning for a sustainable, just and cost-
effective heat transition are constrained by several persistent chal-
lenges:

• Data scarcity: Detailed, high-resolution data on building-level 
thermal demand is often unavailable, particularly for entire urban 
districts. Public datasets may lack temporal granularity by only 
providing yearly demand.

• Scalability and user behavior: Most building simulation tools 
provide high-fidelity results for individual buildings but are
difficult to scale to hundreds or thousands of units. Additionally, 
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they often omit stochastic variations among buildings introduced 
by occupant behavior.

• Complex workflows: Existing workflows typically require man-
ual preprocessing, expert parameter selection, and multiple soft-
ware environments. This creates a barrier to accessibility beyond 
experts, especially in municipal planning or interdisciplinary re-
search contexts.

To address these limitations, we present an open and modular soft-
ware framework that enables quick and easy-to-use feasibility studies 
with light data requirements for community-scale heating concepts. The 
tool is designed for both early-stage municipal planning and scientific 
experimentation. Its key features include:

1. Estimation of annual thermal demand and building proper-
ties using publicly available geospatial data.

2. Generation of stochastic, behavior-aware demand time se-
ries, incorporating user occupancy patterns, daily routines, and 
weather sensitivity.

3. Integrated spatial clustering, allowing computationally effi-
cient aggregation of demand across urban subregions while pre-
serving temporal fidelity.

4. Linear optimization modeling for district heating network lay-
out, technology investment planning, and optimal use of waste 
heat and renewable sources.

Compared to existing high-fidelity tools (e.g., TRNSYS [9]), the 
proposed framework shifts the focus from detailed, resource-intensive 
simulation towards scalable and customizable exploration of future 
sustainable heating concepts through optimization under limited data 
availability. However, expanding into these new application areas also 
entails trade-offs, such as relying on simplified representations of ther-
mal energy storage (TES) and heat flows within the district heating 
network. The modular architecture and transparency allow researchers 
to isolate and reuse individual components (e.g., heat demand time 
series synthesis or optimization routines). Planners, on the other hand, 
can deploy the full pipeline to generate initial designs in a matter of 
hours. In this way, the tool serves two distinct but complementary user 
groups:

• Municipal Planners: The software supports the early stages of 
community heating plans, such as those required by recent na-
tional policies [10]. By requiring minimal expert input and of-
fering sensible default parameters, it enables local authorities 
to evaluate alternative scenarios and prioritize further analysis 
quickly.

• Researchers: The open, parameterized architecture facilitates 
investigations into the effects of climate conditions, retrofit strate-
gies, internal heat gains, and policy mechanisms. Researchers 
can rely on a validated data pipeline and simulation framework, 
freeing them to focus on model extensions or hypothesis testing.

The full pipeline is implemented in Python, with each function doc-
umented for standalone use. A Jupyter Notebook guides users through 
the entire low-code workflow – from data acquisition to final visu-
alization – while allowing intermediate data access for custom anal-
yses. Users can adjust input parameters to test sensitivities or tailor 
assumptions to local contexts.

A comprehensive software description is provided in Section 2, 
followed by an illustrative example in Section 3. Section 4 discusses 
broader implications, and Section 5 concludes with a future outlook.

2. Software description

UrbanHeatOpt is developed to accelerate early-stage investiga-
tions of integrated heating concepts at the district or community level. 

In contrast to traditional physical building simulation tools, which re-
quire detailed inputs for each building, our software estimates building-
level heat demand based on geospatial building data, standardized 
typologies [11], and publicly available metadata.

A key feature is the generation of realistic, synthetic heat demand 
time series that reflect both behavioral occupancy patterns and external 
environmental conditions presented in [12]. Thanks to its modular 
design, alternative approaches can also be integrated, such as those pre-
sented in [13]. These demand profiles serve as inputs for a subsequent 
techno-economic optimization module. Within this module, users can 
define potential waste heat sources, as well as investment candidates 
for TES and power-to-heat (P2H) technologies.

The core of the software is a mixed-integer linear program (MILP) 
model that determines the cost-optimal combination of technology in-
vestments, storage strategies, and a potential district heating network. 
While it does not model detailed hydraulic or thermal behavior, the 
approach provides significantly more insight than static heating density 
methods (e.g., [14]) that are commonly used in spatial energy planning.

Section 2.1 describes the software architecture and workflow, while 
Section 2.2 explains selected algorithmic and technical aspects in more 
detail. Finally, Section 2.3 elaborates on the computational perfor-
mance of the software.

2.1. Software architecture

UrbanHeatOpt is implemented in Python and designed for exe-
cution within a Jupyter Notebook or implementation in other scripts. 
A conda environment specification is provided to manage all depen-
dencies and ensure compatibility. Details can be found in the User 
Manual [15].

Fig.  1 presents the overall folder structure. Geospatial data is stored 
in GeoJSON format to preserve geometries and projection metadata, 
while time series are saved as CSV files.

The software distinguishes between case studies and scenarios: A case 
study defines a specific geographical location with associated building 
stock data, while different scenarios can be defined to test varying cost 
assumptions, policies, or technology configurations.

Each analysis is initiated through the Jupyter Notebook
main.ipynb (Fig.  2), which coordinates the workflow and allows 
users to customize key parameters. Table  1 provides an overview of 
input types and sources.

The main workflow consists of five sequential steps, displayed in 
Fig.  3:

1. Geodata Preparation (prepare_geodata.py): Building data
is extracted from OpenStreetMap (OSM) using the OSMnx [21] 
package. Missing attributes, such as floor number or construction 
year, are estimated via heuristics or default values. Buildings are 
then matched to archetypes using parameters in BuildingTy-
pology.xlsx. Yearly heat demand is calculated and exported 
to Building_Data.geojson.

2. Time Series Generation (hd_time_series_generator.
py): A Markov Chain Monte Carlo method generates stochas-
tic active occupancy profiles for each dwelling. These drive a 
thermal model to compute hourly heating demand, considering 
weather and internal gains [12]. Final time series are stored in
Building_TS.csv.

3. Clustering and Network Setup (clustering.py): To reduce 
computational complexity, buildings are grouped and a poten-
tial district heating network is proposed. The network and all 
investment candidates are saved in Heat_Network.geojson.

4. Optimization (model.py): A MILP model implemented in Py-
omo [22,23] identifies the cost-optimal configuration of tech-
nologies, storage, and network investments over a typical year. 
Results are saved in the scenario’s output and expost sub-
folders.
2 
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Fig. 1. Overview of the folder structure containing required files and scripts.

Table 1
Main input data and corresponding sources. Different data sources can be used to account for specific local considerations. File 
and folder names refer to the flowchart in Fig.  3 and file structure in Fig.  1.
 Description File Folder Source  
 Building information – Web/API OpenStreetMap [16]  
 Building typology BuildingTypology.xlsx building_energy_data TABULA WebTool [11]  
 Outdoor temperature outside_temp.xlsx MCMC_data Renewables.ninja [17,18] 
 Solar gains solar_gain.xlsx MCMC_data Renewables.ninja [17,18] 
 Active occupancy patterns transition_matrix_WD.xlsx, MCMC_data Time Use Survey [19]  
 transition_matrix_WE.xlsx MCMC_data  
 General parameters and costs input_ParameterCosts.xlsx input User-defined  
 Heat generation units input_HeatGenerationUnits.xlsx input PETA [20]  
 Waste heat profiles input_WastHeatProfiles.xlsx input User-defined  

5. Visualization (visualisation.py): Standard result visual-
izations are generated and stored in the plots folder.

A User Manual [15], generated using the Sphinx [24] package, 
provides information on setting up and running the tool, as well as 
a description of all inputs and options. Inline docstrings within the 
code further offer complete documentation for each function, enabling 
easy reuse of individual components. Details of the mathematical for-
mulation and conceptualization are provided in the Supplementary 
Material [25].

2.2. Software functionalities

Data preprocessing and fallback heuristics. OSM data quality can vary 
significantly depending on the region. In some cases, attributes such as 
the number of floors, roof shape, or construction year may be missing. 
To address this, the software implements fallback heuristics and default 

values to ensure a consistent and robust input dataset. For example, 
if the number of floors is not available, it is estimated based on the 
building’s footprint area and assumed base-length-to-height ratio. This 
approach improves automation and reproducibility across different case 
studies.

Time series generation and computational acceleration. The generation of 
hourly heating demand time series for each building is computation-
ally demanding. In contrast to simple degree-day [26] or load-profile 
methods [27], the implemented approach combines active occupancy 
profiles with weather data to dynamically compute space heating de-
mands. Since the demand at a given hour depends on the state at 
the previous timestep (i.e., internal building temperature), vectoriza-
tion across time is not possible. To achieve fast runtimes for large 
datasets (e.g., several thousand buildings with 8760 timesteps), the 
implementation uses NumPy [28] arrays and the Numba [29] package 
to precompile time-critical loops to machine code. This results in 
3 
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Fig. 2. Screenshot of the Jupyter Notebook showing part of the workflow for gathering data from OpenStreetMap for a specific location.

speed-ups of more than an order of magnitude compared to native 
Python.

Flexible clustering and heating network setup. A typical case study con-
tains hundreds or even thousands of individual buildings. To reduce 
the computational burden of the subsequent optimization problem, 
the software performs a clustering step in which spatially proximate 
buildings are aggregated. This is achieved using the k-means algo-
rithm from the scikit-learn [30] package, with the number of 
clusters defined by the user. Within each cluster, demand time series 
are aggregated. By varying the number of clusters, users can balance 
computational efficiency and modeling accuracy — using fewer clusters 
for rapid initial design iterations and more clusters for detailed, high-
accuracy analyses in later stages. To propose a potential district heating 
network topology, a Delaunay triangulation using SciPy [31] of the 
cluster centroids and potential heat sources is computed. Based on 
that, a minimum spanning tree is derived using the NetworkX [32] 
package. While this approach does not guarantee a perfect network 
configuration, it provides a plausible, first estimate of possible network 
connections that can later be refined.
Optimization model implementation. The optimization problem is formu-
lated as a MILP using Pyomo [22,23]. The objective function minimizes 
the total annual system cost, including investment and operating costs 
for central and decentralized (i.e., on-site heating systems) heat gen-
eration, P2H conversion, and TES units. The model enforces energy 

balance constraints, technology-specific capacity limits, and temporal 
storage dynamics. The implementation enables users to adjust all tech-
nological parameters and costs, as well as define new generation or 
TES units via input files. The complete mathematical formulation can 
be found in the Supplementary Material [25].

2.3. Computational performance

Table  2 presents the computation times for the processing steps in 
the case study described in Section 3, indicating the computational 
effort. The calculations were performed on a standard laptop (Windows 
11, Intel i7-1360P, 32 GB RAM). The execution time of all the steps – 
except for the building and solving of the optimization model – scales 
approximately linearly with the number of buildings included. The 
solving time of the optimization model strongly depends on the specific 
input and the solver used. Currently, gurobi [33] and HiGHS [34] 
solvers are implemented.

3. Illustrative examples

To showcase the main features of UrbanHeatOpt, we demonstrate 
a case study for the community of Fehring, a town with approximately 
7000 inhabitants in Styria, Austria. Starting with only publicly available 
data, we aim to investigate: (i) the approximate heating demand at 
high spatial and temporal resolution, (ii) the potential feasibility of 
4 
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Fig. 3. Flowchart of the complete data pipeline: data sources (folder name according to Table  1) are shown in blue, software modules (as enumerated in 
Section 2.1) in orange, and intermediate and final outputs in green.

Table 2
Computation times for processing steps for a case study of 16 937 dwellings in 
8760 time steps.
 Processing step Computation time / s 
 1. Geodata Preparation 3  
 2. Time Series Generation 39  
 3. Clustering and Network Setup 7  
 4. Optimization - model building 185  
  - solving approx. 1800  
 5. Visualization 5  

using waste heat or central heating units, and (iii) where a local district 
heating network could be viable.

The analysis was conducted using the Jupyter Notebook interface 
(see Fig.  2). The first step involves accessing building data from OSM. 
By specifying the location "Fehring, Austria", the script retrieves 
6211 buildings of various types. The command line output also includes 
a data quality summary — e.g., indicating that this OSM dataset 
contains limited information about building heights. If more detailed 
data (e.g., from a cadastre) is available, it can be easily merged in based 
on location or postal address.

A folder for the case study is automatically created, where building 
and weather data can be adapted for the specific location using publicly 
available sources. The total annual heating demand for this region is 
estimated at 92GWh. Fig.  4 shows an interactive visualization of the 
spatially resolved heating demand in the notebook.

Next, we run the time series generation script, which creates 
a stochastic, weather- and solar-irradiance-dependent heat demand 
time series for each building. The resulting aggregated time series is 
shown as the black demand curve in Fig.  6.

We then include potential waste heat sources. From the Styrian 
heat atlas [35], we identify three sources: one industrial waste heat 
source at intermediate temperature with 10.4MW capacity and 6000

full-load hours, and two sources from wastewater treatment plants, 
with 220 kW and 60 kW continuous potential. These could be used 
directly or with heat pumps [36]. We also add one TES unit and 
one heat boiler as investment candidates next to the industrial waste 
heat source. Standard cost and performance parameters are used. For 
details on the implementation of heat sources, see the Supplementary 
Material [25].

After clustering and setting up the network, we run the optimization 
model. Using the built-in visualization module, we generate Figs.  5
and 6. The former illustrates investment decisions in waste heat uti-
lization, heat generation, and thermal storage. The latter shows hourly 
operational results for the case study, including demand and supply 
profiles.

To run different case studies, the case study folder can simply be 
copied, renamed, and adapted by changing parameters – for example, 
to reflect different costs or investment candidates – allowing for the 
investigation of various configurations.

In conclusion, this quick analysis reveals a limited but promising 
opportunity to utilize 6MW of the industrial waste heat within a 
localized network in the town center. The system includes a TES unit 
of 6960m3 for load shifting and a backup boiler with a capacity of 
2MW, designed based on the given cost assumptions and parameters. 
These initial results, combined with the generated high-resolution heat 
demand data, offer a strong foundation for a more in-depth and detailed 
technical planning.

4. Impact

The software package presented here addresses key challenges in (i) 
energy system modeling, planning, and policy evaluation by providing 
high-quality heat demand data, (ii) enabling optimal heat infrastructure 
design, and (iii) supporting equitable and accelerated heat transition 
strategies.
5 
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Fig. 4. Interactive visualization of building-level heating demand in a part of Fehring.

Fig. 5. Investment decisions in district heating system infrastructure.

Data is a key element in energy system modeling across all scales. 
While electricity demand is often backed by measured data from sub-
stations or smart meters, heat demand remains significantly more chal-
lenging to quantify. Simply aggregating standard load profiles tends 
to produce unrealistic load peaks [27]. The geodata preparation
and time series generation module of this software package 
addresses this issue by delivering realistic, geo-localized heat demand 
data. By ensuring correlation with provided outdoor temperature and 
solar irradiation profiles, the module becomes a convenient and re-
liable data source for a wide range of energy modeling applications 
— thus improving model accuracy. It serves a role similar to that of 
renewables.ninja [17], which has become a standard source for PV 

and wind capacity factor time series. A preliminary version of this 
module has already been used in [12] to compare heat demand derived 
from cadastral data with that produced by the open-source method 
introduced in this work.

Historically, waste heat integration in district heating has focused 
on cogeneration power plants and high-temperature industrial pro-
cesses. However, the ongoing shift toward low-temperature heat net-
works (4th- and 5th-generation district heating [37]) enables the uti-
lization of alternative waste heat sources, such as supermarket refriger-
ation systems, electrical substations, wastewater, data centers [38], and 
electrolyzers [39]. These developments open up opportunities for novel 
and more innovative district heating system configurations, while also 
6 
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Fig. 6. Operational results: hourly heat demand and supply for the Fehring case study.

calling for new approaches to system design and planning. The opti-
mization module of this software allows for rapid identification of 
optimal system designs, including waste heat integration and network 
layout. For example, it was applied in the Atmosphere project [40,41] 
to assess the feasibility of using waste heat from an electrolyzer in 
Puertollano, Spain. Through its publicly available, open-data approach, 
this tool supports the evaluation of district heating concepts not only 
for researchers but also for policymakers, planners, and community 
stakeholders.

Finally, the ongoing heat transition raises critical questions about 
how to accelerate and ensure a just transition [42]. Due to the decen-
tralized nature of building and heating system ownership, the trans-
formation will require numerous private investments in insulation and 
retrofitting. These will only proceed at the necessary pace [43] if sup-
ported by suitable policy measures, subsidies, affordable alternatives, 
or publicly funded infrastructure such as new district heating networks. 
This software package can support the analysis and evaluation of 
such measures in early planning stages. In this way, the software can 
support the technical and economic planning of heating concepts at the 
municipal level (as required, for example, in Germany [10]), even by 
users without detailed expert knowledge.

5. Conclusions

In this paper, we present the novel open and modular software
UrbanHeatOpt, designed to generate high-resolution heat demand 
data and support the investigation of optimal community heat system 
configurations. Its modular architecture offers flexible functionality, 
enabling easy integration into other software tools or customization 
for specific research applications. As demonstrated in the case study, 
the software allows for the low-effort development of reasonable initial 
heating concepts at the community level, making it a valuable tool for 
real-world planning. At the same time, it provides a solid foundation 
for in-depth analysis of targeted policy questions. We welcome contri-
butions and suggestions from the wider heat energy system community 
– both researchers and practitioners – to improve and expand this 
open-source tool.
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