
 
 

CONCEPTS AND TOOLS TO IMPROVE  
THE THERMAL ENERGY PERFORMANCE  
OF BUILDINGS AND URBAN DISTRICTS 

 

DIAGNOSIS, ASSESSMENT, IMPROVEMENT STRATEGIES,  
AND COST-BENEFIT ANALYSES 

 
 

Zur Erlangung des akademischen Grades eines 
 

Doktors der Ingenieurwissenschaften 
(Dr.-Ing.) 

 
von der KIT-Fakultät für Wirtschaftswissenschaften 

des Karlsruher Instituts für Technologie (KIT) 
 

genehmigte 
 

Dissertation 
 

von 
 

Zoe Mayer M. Sc. 
 

 
Tag der mündlichen Prüfung: 01.02.2023 

Referent: Prof. Dr. Frank Schultmann 
Korreferent: Prof. Dr. Thomas Lützkendorf 

 



Lizenzierung 
Das vorliegende Werk darf von der KIT-Bibliothek frei im Internet angeboten werden. Die Nutzung 
erfolgt ausschließlich zu wissenschaftlichen Zwecken und zum Eigengebrauch. Die Urheberrechte 
liegen bei den Autorinnen bzw. Autoren. Für den Inhalt sind alleine die Autorinnen und Autoren 
verantwortlich. Jegliche Formen der kommerziellen Nutzung und Abänderung der Publikation sind 
ohne vorherige Zustimmung und Absprache mit den Autorinnen bzw. Autoren ausdrücklich verboten, 
es sei denn, sie sind durch eine Creative-Commons- oder vergleichbare Lizenz explizit gestattet. Die 
Namen der Autorinnen und Autoren müssen stets genannt werden. Die Nutzerinnen und Nutzer sind 
für die Einhaltung der Rechtsvorschriften selbst verantwortlich und können bei Missbrauch haftbar 
gemacht werden. 



i 
 

Acknowledgements 
I would like to take this opportunity to acknowledge the people and institutions that have 
supported me while working on this dissertation.  

First, I want to thank my supervisor Prof Dr. Frank Schultmann and Dr. Rebekka Volk, the head 
of my research lab, for their help and patience. I thank Prof. Dr. Thomas Lützkendorf, Prof. Dr. 
Gerhard Satzger, and Prof. Dr. Ingrid Ott for reviewing my dissertation and being a part of my 
examination committee. I am grateful to all my co-authors, Prof. Dr. Lucio Soibelman, Prof. Dr. 
Achim Streit, Dr. James Kahn, Dr. Yu Hou, Dr. Markus Götz, Elena Vollmer, Julia Heuer, Tobias 
Beiersdörfer, Nicolas Blumenröhr, and Zhaoyang Li, for their collaboration on the research 
projects, papers, and publications, which are part of this cumulative dissertation. I thank 
Harald Schneider for supporting and advising me during my research. The time spent together 
with my colleagues at the Institute for Industrial Production is invaluable for me, and I am 
grateful for the same. Further, I sincerely thank Marinus Vogl and the Air Bavarian GmbH for 
supporting me with the collection and development of usable datasets. My family and friends 
constantly encouraged and stood by me during my work on this dissertation. For that, I am 
forever grateful. 

This research would not have been possible without the support provided by the 
Landesgraduiertenförderung (State Postgraduate Fellowship Programme) of the Karlsruhe 
Institute of Technology (KIT) and the Studienstiftung des Deutschen Volkes (German Academic 
Scholarship Foundation). 

Karlsruhe, May 2023 
Zoe Mayer 



ii 
 

Abstract  
Retrofitting existing buildings to optimize their thermal energy performance is a key factor in 
achieving climate neutrality by 2045 in Germany. Analyzing buildings in their current condition 
is the first step toward preparing effective and efficient energy retrofit measures. A high-
quality building analysis helps to evaluate whether a building or its components are suitable 
for retrofitting or replacement. Subsequently, appropriate combinations of retrofit measures 
that create financial and environmental synergies can be determined.  

This dissertation is a cumulative work based on nine papers on the thermal analysis of existing 
buildings. The focus of this work and related papers is on thermography with drones for build-
ing audits, intelligent processing of thermographic images to detect and assess thermal weak-
nesses, and building modeling approaches to evaluate thermal retrofit options. While individu-
al buildings are usually the focus of retrofit planning, this dissertation also examines the role of 
buildings in the urban context, particularly on a district level. Multiple adjacent buildings offer 
numerous possibilities for further improving retrofits, such as the economies of scale for 
planning services and material procurement, neighborhood dynamics, and exchange of experi-
ences between familiar building owners. 

This work reveals the opportunities and obstacles for panorama drone thermography for 
building audits. It shows that drones can contribute to a quick and structured data collection, 
particularly for large building stocks, and thus complement current approaches for district-
scale analysis. However, the significant distance between the drone camera and building, 
which is necessary for automated flight routes, and varying recording angles limit the quantita-
tive interpretability of thermographic images. Therefore, innovative approaches were devel-
oped to process image datasets generated using drones. A newly designed AI-based approach 
can automate the detection of thermal bridges on rooftops. Using generalizations about cer-
tain building classes as demonstrated by buildings from the 1950s and 1960s, a novel interpre-
tation method for drone images is suggested. It enables decision-making regarding the need to 
retrofit thermal bridges of recorded buildings. A novel optimization model for German single-
family houses was developed and applied in a case study to investigate the financial and eco-
logical benefits of different thermal retrofit measures. The results showed that the retrofitting 
of building façades can significantly save energy. However, they also revealed that replacing 
the heating systems turns out to be more cost-effective for carbon dioxide savings.  

Small datasets, limited availability of technical equipment, and the need for simplified assump-
tions for building characteristics without any information were the main challenges of the 
approaches in this dissertation.
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1 Introduction 

1.1 Motivation  

The Bundesklimaschutzgesetz (KSG) (Federal Climate Change Act) has set the target of climate-
neutrality in Germany by 2045 (KSG, 2019). The energy consumption of buildings is crucial for 
achieving this goal. In Germany, approximately 17% of the total carbon dioxide (CO2) emissions 
come directly from the building sector (BMWi, 2015). This number rises to around 30% when 
also considering indirect CO2 emissions, including those caused by the production of electricity 
and district heat for buildings, and to around 40% when considering the production, pro-
cessing, and disposal of building materials as well (BBSR, 2020; BBSR, 2021; BMWi, 2015).  

Owing to the growing demand for living space and low reconstruction rates in Germany, high 
climate protection standards for new buildings alone are insufficient to significantly reduce the 
primary energy demand of buildings (dena, 2021). Of greater importance are energy retrofits 
of existing buildings, which modify them to improve their energy performance (Richarz et al., 
2006). However, the retrofit rate in Germany has been stagnating at a consistently low level of 
approximately 1% for many years and steps need to be taken to increase it if Germany is to 
achieve its climate neutrality goals (BMWi, 2015; KPA, 2021). 

Individual buildings are usually the focus of the planning and implementation of energy retrofit 
measures (Ruggeri et al., 2020). New opportunities arise with the simultaneous consideration 
of multiple buildings (Riechel, 2016; Ruggeri et al., 2020). The urban level is particularly suita-
ble for retrofitting multiple buildings. An urban district is a small subunit of the city (Riechel, 
2016). Internationally, many approaches that push energy retrofits on a district scale, such as 
community energy strategic planning (CESP) in the USA, community energy planning (CEP) in 
Canada, and positive energy districts (PED) in Europe are prevalent (DOE, 2013; Littlejohn and 
Laszlo, 2015; Mayer et al., 2021 – Paper A; UE, 2013). In Germany, retrofits on a district scale 
are frequently planned as part of energetische Quartierskonzepte (EQs) (energy district plans) 
(KfW, 2015).  

For effective and efficient retrofits of buildings, an analysis of the initial state before starting 
the retrofit process is crucial (Balaras, 2022). The initial condition of a building should be well 
recorded to deduce possible retrofit options that can be comprehensively weighed and priori-
tized. As detailed analysis and retrofit planning approaches for individual buildings cannot 
always be efficiently scaled up to entire districts, new approaches or further development of 
existing tools are required. 
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1.2 Objective and Research Questions 

The aim of this dissertation is to investigate approaches for analyzing the thermal quality of 
buildings to optimally prepare for planning and implementing energy retrofits. The focus of 
this work is on the analysis of individual buildings and analysis approaches for multiple neigh-
boring buildings and city districts. Both the technical and economic aspects of energy retrofit-
ting were considered in this context. The focus is on German residential buildings built post 
war and before the first thermal insulation regulations between 1950 and 1978 (Loga et al, 
2015). Due to a lack of energy quality standards, these buildings usually have high thermal 
deficits and require improvements (BMWi, 2022). The overall goal is to identify, develop, and 
supplement existing building analysis approaches and make the energy retrofits for German 
buildings more efficient and effective. This work utilized terrestrial and airborne thermography 
with unmanned aerial vehicles (UVAs/drones) for this purpose. 

The research questions addressed in this dissertation are listed as follows. 

1) Which analytical approaches for buildings on a district scale are commonly used for 
planning thermal retrofits? 

2) How can thermography with drones be used to analyze buildings on a district scale? 
3) How can the processing of thermal images collected with a drone be automated for 

the detection of the thermal weaknesses of building envelopes? 
4) How to plan efficient and effective thermal retrofit measures for buildings in Germa-

ny? 

1.3 Structure of the Dissertation 

This dissertation is cumulative. In addition to the comprehensive outline given in Part I, nine 
research papers are listed in Part II. They address the different research questions of this 
dissertation.    

Part I begins with an introductory chapter that states the need to investigate thermal analysis 
approaches of buildings for planning energy retrofits for individual buildings, city districts, and 
entire cities. The second section of Part I provides the theoretical foundations required for a 
better understanding of this dissertation. This includes an overview of the German building 
stock and its thermal quality, a summary of thermal energy aspects relevant to buildings, the 
definition of thermal energy retrofits as used in this work, and an explanation of the different 
urban scales of interest for analyzing buildings and planning retrofits. This section also intro-
duces different analysis approaches for the thermal performance of buildings. The third sec-
tion of Part I summarizes the methods, materials and results of the nine research papers. The 
final section provides a critical discussion of the methods, materials, and results of this disser-
tation and points out changes in framework conditions and databases that occurred after the 
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publication of the single research papers. It also contains a conclusion on the main outcomes 
of this dissertation. 

Part II contains the following scientific papers, ordered according to their main research ques-
tions as outlined in Figure 1. They are based on research collaborations with different co-
authors. Figure 2 provides an overview of the different research areas that are covered in 
these papers. 

 Paper A, “Evaluation of building analysis approaches as a basis for the energy im-
provement of city districts”: This article was published in 2021 in the Karlsruhe Insti-
tute of Technology (KIT) Working Paper Series in Production and Energy and gives an 
overview of current building analysis approaches. It reveals the strengths and weak-
nesses of the planning of thermal building retrofits on a district scale. This study was 
based on an analysis of 25 publicly available reports of German energy district plans 
(EQs). (Mayer et al., 2021 – Paper A) 

 
 Paper B, “Comparison of building thermography approaches using terrestrial and aerial 

thermographic images”: This paper was presented in 2022 at the Sustainable Built En-
vironment (SBE) Conference in Berlin. It compares the thermographic image quality of 
classical-terrestrial thermography and airborne thermography with drones for thermal 
audits of buildings. During the study, an image dataset of German buildings was col-
lected with terrestrial and drone cameras varying in flight speed, angle, and height. 
The image data were evaluated according to different image quality characteristics. 
(Mayer et al., 2022 – Paper B) 

 
 Paper C, “Investigating the quality of thermographic drone images for the analysis of 

buildings”: This paper was published by the journal Remote Sensing in 2023. This is a 
follow-up study to Paper B that expands its results with a novel improved dataset and 
more comprehensive quantitative analysis of the recorded aerial and terrestrial imag-
es. (Mayer et al., 2023 – Paper C) 

 
 Paper D, “A computer vision approach for building façade component segmentation on 

3D point cloud models reconstructed by aerial images”: This paper was presented in 
2021 at the European Group for Intelligent Computing in Engineering (EG-ICE) Confer-
ence in Berlin. To improve image processing approaches for building audits working 
with aerial thermographic image data, this study introduces a segmentation approach 
using open-source training datasets. It segmented windows and doors on façade im-
ages rendered from three-dimensional (3D) point clouds. (Hou et al., 2021 – Paper D) 

 
 Paper E, “AI-based thermal bridge detection of building rooftops on district scale using 

aerial images”: This contribution was presented in 2021 at the EG-ICE Conference in 
Berlin. It proposes a method to automatically detect thermal bridges on building roof-
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tops from panorama drone images of city districts. This study used an image dataset 
containing thermal information and a height map for rooftop recognition in addition to 
the red green blue (RGB) information to train and evaluate a neural network. (Mayer 
et al., 2021 – Paper E) 

 Paper F, “Deep learning approaches to building rooftop thermal bridge detection from 
aerial images”: This paper was published by the journal Automation in Construction in 
2022. It improves the approach presented in Paper E. Using an updated thermal drone 
image dataset of thermal bridges on building rooftops, this study focused on enhanc-
ing the object detection quality. It compared multiple state-of-the-art neural networks. 
(Mayer et al., 2022 – Paper F) 

 
 Paper G, “Thermal Bridges on Building Rooftops (TBBR)”: This paper was published in 

2023 in the journal Nature Scientific Data. It provides a detailed description of a da-
taset of thermal bridges on building rooftops. The paper provided the basis for the 
studies presented in Papers E and F. (Mayer et al., 2023 – Paper G) 

 Paper H, “Aerial thermographic image-based assessment of thermal bridges using rep-
resentative classifications and calculations”: This paper was published in 2021 in the 
journal Energies. It describes an approach for identifying and characterizing thermal 
bridges on aerial thermographic images in terms of their risk for the formation of 
mold, energy losses, retrofit costs, and energy-saving related retrofit benefits. Based 
on a dataset of thermal drone images, thermal bridge types for the German building 
cohorts of the 1950s and 1960s were classified. (Mayer et al., 2021 – Paper H) 

 
 Paper I, “Analysis of financial benefits for energy retrofits of owner-occupied single-

family houses in Germany”: This paper was published in 2022 in the journal Building 
and Environment. It investigates the potential for saving CO2 with financially optimal 
retrofits from the perspective of building owners. A mixed-integer economic optimiza-
tion model was developed to determine the energy retrofit configurations for owner-
occupied buildings. It was tested through case studies of two representative German 
single-family houses (SFHs) constructed in the 1960s and 1970s. (Mayer et al., 2022 – 
Paper I) 
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Figure 1: Research questions addressed by the research papers included in this dissertation (Mayer et al., 2021 – 
Paper A; Mayer et al., 2022 – Paper B; Mayer et al., 2023 – Paper C; Hou et al., 2021 – Paper D; Mayer et al., 2021 
– Paper E; Mayer et al., 2022 – Paper F; Mayer et al., 2023 – Paper G; Mayer et al., 2021 – Paper H; Mayer et al., 

2022 – Paper I) 

 

Figure 2: Research fields of the research papers included in this dissertation (Mayer et al., 2021 – Paper A; Mayer 
et al., 2022 – Paper B; Mayer et al., 2023 – Paper C; Hou et al., 2021 – Paper D; Mayer et al., 2021 – Paper E; 
Mayer et al., 2022 – Paper F; Mayer et al., 2023 – Paper G; Mayer et al., 2021 – Paper H; Mayer et al., 2022 – 

Paper I) 
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2 Theoretical Foundations 

2.1 The German Building Stock 

There are approximately 21 million buildings in Germany. They include 19 million residential 
buildings with 43 million residential units. This group of residential buildings can be broken 
down into three million apartment buildings/multi-family houses (MFHs), 16 million single-
family houses (SFHs), and two-family houses (TFHs). SFHs and TFHs comprise half of all resi-
dential units and 60% of living space. MFHs comprise the other half of the residential units but 
only 40% of the living space. In contrast to residential buildings, there is no official number of 
non-residential buildings. However, approximately 2 million heated units are estimated to be 
in use. (dena, 2021; Loga et al, 2015) 

Most residential buildings in Germany were built in the post-war period after 1945 (Loga et al, 
2015). A significant number of buildings were constructed before the first thermal insulation 
regulations. Approximately 38% of all buildings, 43% of all residential units, and 41% of the 
total living space of the German building stock date from 1949–78 (Loga et al, 2015). According 
to the German building typology proposed by Loga et al. (2015), German buildings constructed 
between 1949 and 1978 can be divided into three subclasses based on their architectural 
styles and construction designs. A distinction is made between buildings constructed in 1949–
57, 1958–68, and 1969–78. The main characteristics of these buildings are summarized in 
Table 1. 
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Table 1: Characteristics of German buildings from the construction time between 1949 to 1978 (Loga et al., 2015) 

Period General characteristics 
1949–
1957 

 Simple construction styles during the post-war period (often with debris ma-
terials) were standard. 

 The requirements for social housing were introduced. 
 They had predominantly masonry constructions, single or double shell ma-

sonry made of solid bricks, and rubble hollow blocks. 
 Wooden beam ceilings were used only in single-family houses. 
 Top floor/ roof was often heated and used as a living space. 
 Constructions often had strong thermal bridges, especially on cantilevered 

balconies of apartment buildings. 
 There was an increase in the use of central heating (coke, gas, and oil), gas 

floor heating, or gas ovens instead of solid fuel ovens. 
 District heating systems were used in the German Democratic Republic. 

1958–
1968 

 First residential tower blocks were built in multi-story housing. 
 Reinforced concrete constructions in many variations became increasingly 

dominant. 
 Plastered masonry made of hollow blocks, lattice bricks, chipboard blocks or 

similar material was used. 
 Constructions often had strong thermal bridges, particularly on cantilevered 

concrete components. 
 Multi-family buildings were often constructed with masonry made of plas-

tered lattice bricks, perforated sand-lime bricks, or panel constructions with 
concrete sandwich elements. 

 Top floor/ roof was often heated and used as a living space. 
 Coal, oil, and gas central heating or district heating was used commonly. 
 Running hot water became commonplace. 

1969–
1978 

 New industrial construction methods (sandwich constructions) were used. 
 Prefabricated house concept was utilized in the single-family house sector. 
 Sometimes panels were constructed with lightweight or concrete sandwich 

elements. 
 Concrete ceilings became common. 
 Masonry was made of plastered lattice bricks, sand-lime perforated bricks, 

aerated concrete, or similar substances. 
 Constructions often contained strong thermal bridges, particularly on cantile-

vered concrete components. 
 Triggered by the first oil crisis, heat insulation gradually gained importance. 
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The German building stock accounts for 850 TWh of the energy usage annually (dena, 2021). 
For residential buildings, space heating and hot water account for the largest share of energy 
consumption (approximately 85%) (dena, 2021). Process heat including cooking, cooling, 
mechanical energy, information and communication technology, and lighting accounts for the 
rest (dena, 2021). Most residential buildings are heated using fossil fuels. Approximately half of 
the residential units operate with gas, a quarter with oil, 15% with district heat, and only 3% 
operate heat pumps (BDEW, 2022). Buildings built between 1949 and 1979 consume the 
highest amount of energy (BMWi, 2022).Different stakeholders own the German residential 
building stock. In addition to private owners and owner associations, buildings are owned by 
municipalities, municipal building associations, housing associations, private housing compa-
nies, and investment funds (SR, 2019). Approximately 45% of all residential units in Germany 
are occupied by the owners, and 55% are rented (Destatis, 2019). Private ownership is concen-
trated in SFHs and TFHs. While approximately 85% of all SFHs and 55% of all TFHs are occupied 
by private owners, most rental units are in apartment buildings (Destatis, 2019). 

2.2 Buildings and Thermal Energy  

When considering buildings and thermal energy, two aspects are important: supply and de-
mand. The supply side is determined by the heating and cooling system of the building and its 
energy source. Conversely, the demand side is determined by the thermal quality of the build-
ing envelope. (Chwieduk, 2003) 

Neglecting cooling energy, which is not in the focus of this dissertation, the demand side of a 
building can be characterized by its heating energy requirements. A distinction is made be-
tween the Heizenergiebedarf (heating energy needs) and the Heizenergieverbrauch (heating 
energy consumption) of a building. Heating energy needs are theoretically determined under 
standard conditions. Heating energy consumption is the actual measurable demand of a build-
ing. Along with other factors, it depends on the behavior of the building inhabitants and fluc-
tuating weather conditions. (DIN V 18599, 2021)  

The heating energy requirements of a building depend on the following factors (DIN V 18599, 
2021): 

 transmission heat losses through the building envelope; 
 ventilation heat losses caused by the building ventilation and leaks in the building en-

velope; 
 solar heat gains caused by the solar radiation through transparent components or ra-

diation absorption on the surfaces of nontransparent envelope components; 
 internal heat gains from people/animals and devices in a household. 
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In particular, heat gains are independent of the building fabric1. The heat losses characterize 
the thermal quality of a building. The ventilation heat loss of a building is determined by the 
ventilation system. A building can be ventilated freely through windows and mechanical venti-
lation. A higher ventilation-heat loss occurs if the building envelope is not airtight and has 
leaks through which heated air is lost. The heat losses of a building envelope are determined 
by its transmission heat loss. The total losses are the sum of the heat losses through the single 
envelope components and heat losses through thermal bridges. These heat losses depend on 
the area size and thermal quality of a building’s envelope components and vary considerably 
between buildings2. (DIN V 18599, 2021; Schild, 2018) A thermal bridge is an area of the build-
ing envelope that conducts heat more easily from the warmer inside to the colder outside than 
the adjacent areas (Schild, 2018). This is due to the different thermal conductivities of the 
materials used or geometry of the construction (Schmidt and Windhausen, 2017). Thermal 
bridges can be either linear/ 2D (two-dimensional) (2D thermal bridges) or punctual/ 3D (3D 
thermal bridges) (Schild, 2018). The heat losses of linear thermal bridges can account for up to 
one-third of the transmission heat losses of the entire building (Schild, 2018; Theodosiou and 
Papadopoulos, 2008). Contrarily, the influence of punctual thermal bridges is negligible (Schild, 
2018). Therefore, they are neglected in most analyses. Only frequently-occurring punctual 
thermal bridges should be considered when evaluating the thermal characteristics of buildings 
(Schild, 2018). Moreover, thermal bridges significantly increase the risk for the accumulation of 
moisture and formation of mold (Vereecken and Roels, 2012). 

To compensate for heat energy losses through the building envelope and to heat up water, the 
heating system of a building plays a key role. The economic and ecological performance of a 
heating system depends on the efficiency of the heat generation, the distribution system, and 
the energy sources used. (DIN V 18599, 2021) 

2.3 Energy Retrofits of Buildings 

Within the context of a building environment, the term “retrofit” is used to describe substan-
tive physical changes to buildings. A building retrofit is often linked to adaptation, which is an 
intervention to adjust, reuse, or upgrade a building to suit new conditions or requirements. 
(Dixon and Eames, 2013) 

                                                           
1 Solar heat gains can be influenced by changing the building components (e.g., larger window 
areas) along with a significant change in the architecture. 
2 In Germany, the average proportion of the building envelope is 53% for walls (including 
windows and doors), 27% for the rooftops, and 20% for the base. (Holm and Maderspacher, 
2018). Assuming similar heat transfer coefficients of the single envelope components, trans-
mission heat losses through the individual components can also be expected to be in this 
percentage range. 
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In building retrofitting, energy retrofits and conventional (non-energy-related) retrofits should 
be distinguished. Conventional retrofits are optical or functional modifications to a building or 
its parts that do not necessarily improve or at times even worsen its energy performance 
(Kumbaroğlu and Madlener, 2012). Energy retrofits are modifications to existing buildings that 
improve their energy performance for the remainder of their operating life (Richarz et al., 
2006). This improvement targets the thermal (heating, hot water, and cooling) and electric 
(lighting and additional electricity generation through e.g. building-related photovoltaics) 
performances of a building (Richarz et al., 2006). This dissertation refers exclusively to modifi-
cations that improve the thermal quality of a building. Thus, in this work, the term “energy 
retrofit” only refers to thermal energy-related modifications of buildings.  

An energy retrofit can target the thermal supply and demand sides of a building (see Section 
2.2). A well-coordinated improvement of the building envelope and/or its operation technolo-
gy is required for this (Shellong, 2016). Hernández et al. (2012) described three main strategies 
that can be used to upgrade the thermal performance of existing buildings:  

 reduction of on-site energy requirements through low-energy building technologies 
such as high-efficiency heating equipment, high insulation thickness, and passive de-
sign; 

 using on-site supply options such as renewable energy (including solar thermal panels 
and ground heat sources) available within the building’s footprint; 

 using off-site supply options. For example, renewable energy sources available off-site, 
such as importing wood pellets and renewable district heat, can be used to generate 
energy on-site.  

According to Ma et al. (2012), the process of a building retrofit can be divided into five major 
phases. In the first phase, the building owners or other relevant stakeholders define the tar-
gets of a retrofit project. The primary reasons for planning energy retrofits are energy savings, 
heating costs, greater thermal comfort, and creating a healthy environment (Ipsos, 2018). In 
addition, other criteria, such as protecting the environment and climate or to comply with 
legal requirements, can be relevant to stakeholders (Ipsos, 2018; GEG, 2022). The second 
phase comprises an energy audit and performance assessment of the considered building. This 
includes analyzing the building energy data, understanding building energy use, identifying 
areas wherein energy is wasted, and proposing low-cost energy conservation measures. In the 
third phase, the retrofit options are identified and prioritized. In this phase, energy models, 
economic analysis tools, and risk assessment methods are used to assess the performance of 
different retrofit options. The fourth phase focuses on the implementation of optimal retrofit 
measures. The fifth and final phases should validate and verify the retrofit targets after the 
implementation. 

In Germany, the Gebäudeenergiegesetzt (GEG) sets the legal framework for the energy retrofit 
of buildings (GEG, 2022). It came into force in November 2020 and will be updated in 2023 
(BMWSB, 2022; GEG, 2022). The GEG covers the replacement and retrofit regulations of ener-
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gy-relevant building components, as well as the minimum energy standards for new and exist-
ing buildings. For existing buildings, some aspects of the GEG are relevant, as specified in §46 
to §56. These are the requirements of retrofitting and maintaining existing buildings, as well as 
conditional requirements. For all existing buildings, insulation of the top floor ceiling of the 
highest-heated floor or roof is required. The conditional requirements of GEG are explained in 
§48. If a building component is changed because of a repair or modernization measure, the 
minimum energy standards must be fulfilled for the entire component if the area of the 
changed component exceeds 10% of the total component area. Decreasing the energy quality 
of the existing building is forbidden in all types of construction measures. Non-residential 
public buildings must use renewable energy sources if more than 20% of the outside area of a 
building is retrofitted or if the heating system of the building is changed. The legal framework 
also covers the cost allocation of the retrofits. This aspect is only relevant for rented buildings, 
as tenants save heating costs and landlords pay for the energy retrofit to refine the invest-
ments and running costs for a retrofit. These restrictions are included in the Betriebskosten-
verordnung (BetrKV) (Operating Costs Ordinance), the Verordnung über Heizkostena-
brechnung (HeizkostenV), (Heating Costs Ordinance) and the Bürgerliches Gesetzbuch (BGB) 
(German Civil Code). According to §559 BGB, landlords are allowed to pass on a maximum of 
8% of the retrofit costs to tenants per year. However, they are only allowed to allocate the 
costs that have arisen from the construction work and increasing the quality of the building 
(not just maintenance construction costs). Public subsidies, loan interests, and savings on 
maintenance costs must be excluded. (BetrkV, 2021; BGB, 2022; GEG, 2022; HeizkostenV, 
2021) 

Technical standards for retrofitting buildings in Germany are specified in detail using standards 
from the Deutsches Institut für Normung (DIN) (German Institute for Standardization) (DIN, 
2021). They arise from national, European, and international standards through a consensus 
process in which experts agree on a common version of the content, considering the state of 
the art (DIN, 2021). DIN standards are checked at least every five years to ensure that they are 
up-to-date (DIN, 2021). If a standard no longer corresponds to the state of the art, the stand-
ards are revised (DIN, 2021). DIN standards are a suitable data source for scientific work and 
reflect the technology and technical framework conditions. Examples of standards relevant for 
the thermal energy analysis and retrofit of buildings include DIN V 18599 and DIN 4108, which 
are also listed in the GEG (GEG, 2022). DIN V 18599 standardizes the calculation of the net, 
final, and primary energy demand for heating, cooling, ventilation, domestic hot water, and 
lighting (DIN V 18599, 2021). DIN 4108 standardizes the essential requirements for thermal 
insulation for buildings (DIN 4108, 2021).  

2.4 Different Urban Scales for Planning Energy Retrofits 

According to Riechel (2016), three urban scales can be distinguished for planning energy retro-
fits: single buildings, districts, and whole cities. 
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In the context of this work the terms “cities” and “municipalities” are equivalent. In this sense, 
a “city” is guided by the concept of a Kommune (municipality) as specified in the Ge-
meindeordnung (GemO) (Municipal Code of Baden-Wuerttemberg) (GemO, 2018). It is an 
independent administrative unit below the federal and state levels (GemO, 2018). Municipali-
ties manage and are responsible for all public tasks in their area unless federal or state laws 
restrict them (GemO, 2018). Municipalities have their own political council (city council) that 
enables local authorities to make decisions and an administration unit for implementing deci-
sions and performing mandatory tasks (GemO, 2018). 

The term “district” in the context of this work corresponds to the German term “Quartier” and 
can be translated to English as “neighborhood,” “community,” “quarter,” or “part of a city.” In 
some scientific publications, there is no distinction between these terms (e.g., Bourdic and 
Salat, 2012; Paiho et al. 2019). In some publications, a distinction is made between a neigh-
borhood and district. The former is a smaller unit, and the latter is a larger, specified urban 
administration unit (e.g., Fonseca and Schlueter, 2015). However, in this work, both concepts 
are represented by the term “district.”  The district scale is defined as the intermediate scale 
between the city and building scale (Riechel, 2016). A district consists of several connected 
private and/or public buildings and infrastructure (e.g., streets, green spaces, gas pipes, etc.) 
(KfW, 2015). Going beyond the formal definition, a characteristic of districts is their close 
connection to everyday life for the residents (Riechel, 2016). This underlines the idea of a 
“neighborhood” as a place where various urban functions such as living, services, trade, and 
traffic are related to one another (Riechel, 2016). Essential characteristic features for districts 
are, for example, ownership structures, socio-spatial parameters, and location within the city 
as a whole (Riechel, 2016).  

According to the Landesbauordnung Baden-Württemberg (LBO BW) (Baden-Wuerttemberg 
Building Ordinance), “buildings” are structures that can be used independently, entered by 
people, and are suitable for protecting people, animals, or property (LBO BW, 2017). Residen-
tial buildings are primarily used for residential purposes and in addition to apartments, may 
contain rooms for freelancing professionals or similar workers and their associated garages 
and ancillary rooms (LBO BW, 2017). A building is part of a property as it is “an essential com-
ponent of a property […] that is firmly connected to the land”3 according to §94 BGB (BGB, 
2022). In the case of a building inheritance, according to §11 Erbbaurechtsgesetz (ErbbauRG) 
(Heritable Building Act), a building can be constructed on someone else's property (ErbbauRG, 
2013). A property and the building on it can be the sole or shared property of individuals or 
groups. In a shared ownership, individuals or groups are entitled to specified shares of the 
property according to §747 BGB (BGB, 2022).  

                                                           
3 Translation from German original citation “Zu den wesentlichen Bestandteilen eines Grund-
stücks gehören die mit dem Grund und Boden fest verbundenen Sachen, insbesondere Gebäu-
de, sowie die Erzeugnisse des Grundstücks, solange sie mit dem Boden zusammenhängen.” 
(BGB, 2022) 
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Considering these three different scales (building, district, and city) for the energy retrofitting 
of buildings, studies by Dixon and Eames (2013), Paiho et al. (2019), Riechel (2016), Riechel and 
Koritkowski (2016), and Ruggeri et al. (2020) highlight the various advantages and disad-
vantages of action at the different scales. 

(1) Building scale offers the advantage of a concrete and precise planning option that can 
address the specific framework conditions of a building and its relevant stakeholders. In this 
way, all the financial, ecological, and other interests of the building owners (and other stake-
holders) can be included when planning retrofit measures. The specific architectural and 
constructional features of a building can only be determined by examining individual buildings 
in detail (Ruggeri et al., 2020). Building scale is a key factor in the implementation of suitable 
retrofit measures. In particular, for historic buildings that require unusual energy-efficiency 
measures, retrofits are considerably complex and individualistic because of the heritage pro-
tection regulations (Ruggeri et al., 2020). Dixon and Eames (2013), however, stress that an 
over-focus on the building scale “risks fragmentation and overreliance on individual building 
owners and tenants”.  

(2) The advantage of the city scale is its ability to manage policies. At the city scale, climate and 
energy-saving goals can be formulated, and strategies can be developed and politically con-
trolled (Riechel, 2016). At the city scale, it is also possible to address and involve a range of 
stakeholders, such as developers and financers, to create systematic and long-term retrofit 
visions (Riechel, 2016). Moreover, the city scale can push for retrofits by understanding the 
city as a historically grown entity with specific governance structures and social, environmen-
tal, and economic framework conditions (Dixon and Eames, 2013). However, the city level is 
too large and complex to implement coordinated and concrete measures for the retrofitting of 
buildings and approach the stakeholders (Riechel, 2016). 

(3) The district scale is large enough to identify the patterns of energy consumption and supply 
beyond the boundaries of a single building, however, small enough to implement concrete 
solutions (Fonseca and Schlueter, 2015). It is in fact the scale where the most urban transfor-
mations in Europe occur (Fonseca and Schlueter, 2015). Compared to the building scale, plan-
ning at the district scale can increase technical flexibility for operation (Riechel, 2016). The 
focus goes beyond measures such as insulating the building envelope and replacing the heat-
ing system. The district approach for heating creates new technical solutions (e.g., district 
heating networks) that can improve the energy efficiency and planning design. District heating 
systems are more efficient and economical with higher load densities and can be better 
planned for than those for single buildings (Paiho et al. 2019). The district level is also suitable 
for integrating renewable energies (e.g., near-surface or deep geothermal energy and district-
level solar thermal systems) (Riechel, 2016). The retrofit measures can be planned on a district 
scale to benefit economically compared to that for single buildings. Cost can be reduced in the 
procurement of services such as energy analysis, design, and construction when simultaneous-
ly conducting retrofit projects for several buildings in the district (Paiho et al, 2019). Cost 
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advantages do not necessarily optimize the technical infrastructure. Scale effects, such as 
volume discounts on the purchase of building materials for purchasing groups, are also rele-
vant (Riechel, 2016). As buildings are primarily under private ownership, municipalities must 
promote and accelerate the energy retrofits of buildings. Paiho et al. (2019) highlight that the 
district-scale approach was the most effective in encouraging different stakeholders to utilize 
and benefit from synergies of concurrent retrofits of buildings. In this context, Riechel (2016) 
points out that the close connection between the district and daily lives of inhabitants and 
owners is beneficial for targeted addressing and activation of stakeholders. He emphasizes 
that the district scale is better suited for this than the city level, and furthermore, that com-
munication among stakeholders can dynamically occur in districts. For example, informal 
communication among neighbors (neighborhood gossip) or looking at and imitating an exem-
plary building modernization in the neighborhood by other building owners push retrofit 
motivations. Riechel (2016) further emphasizes that the district scale is more concrete than 
the city scale. Strategies and models for the whole city become more tangible by translating 
them to a district level where they are related to the living environment of the stakeholders. 
The neighborhood level is suitable for clarifying the organizational issues related to implemen-
tation (e.g., responsibilities and implementation models). This also includes the timing of the 
implementation of the measures. However, approaches on the district and city scales require 
more coordination with a wide range of stakeholders (Riechel, 2016). This increases the effort 
for the coordination of measures as compared to the single-building scale (Riechel, 2016; 
Riechel and Koritkowski, 2016). 

A summary of the various key functions of different urban scales for the energy retrofit of 
buildings is presented in Table 2. 
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Table 2: Different urban scales for planning building energy retrofits (Dixon and Eames, 2013; Paiho et al., 2019; 
Riechel, 2016; Riechel and Koritkowski, 2016; Ruggeri et al., 2020; Images from Google Maps, 2021) 

Scale City District Building 
Example 

   
Karlsruhe city (Germany) District (Innenstadt-

Ost) 
Building (Kaiserstr. 18) 

Function 
for energy 
retrofits 

Strategic unit Operating unit Implementation unit 

Suitable 
energy 
retrofit 
approach-
es 

Suitable for the develop-
ment and management 
of  city strategies and 
urban climate/ energy 
goals 

Suitable for retrofit 
approaches that rely on 
the specifics of a cer-
tain district (cross-
building infrastructure, 
neighborhood dynam-
ics, economies of scale, 
etc.) 

Suitable for the concrete 
implementation of retro-
fit measures that fulfill 
the individual needs of 
concerned building 
stakeholders (building 
owners, tenants, other 
building users, etc.) 

Primary 
decision 
makers 

Politicians and city ad-
ministrations 

District managers, city 
administrations, and 
building stakeholders 

Building owners and 
other building stakehold-
ers 

2.5 Thermal Analysis and Retrofit Planning Approaches 
for Buildings 

The auditing and analysis of buildings and possible retrofitting options are key steps for plan-
ning the retrofitting of buildings. They determine whether and how a building can be retrofit-
ted. Describing the value of building audits, Balaras (2022) characterizes them as the following: 
“Building audits, in one form or another, can be used to systematically collect the necessary 
data, in order to gain adequate knowledge and a better understanding on the operations, 
energy use and prevailing indoor conditions of buildings. The data can be used to identify, 
quantify and prioritize renovation measures for reaching higher energy efficiency, lowering 
emissions and improving indoor environmental quality.” According to Ma et al. (2012), energy 
assessments of buildings vary in range and depth. Energy analyses can be classified into three 



17 
 

levels, “including Level 1: walk through assessment, Level 2: energy survey and analysis, and 
Level 3: detailed energy analysis.” The more comprehensive the data for a building/building 
stock, the more precisely a retrofit plan can be tailored to individual and social goals. In addi-
tion to evaluating retrofit options for buildings on a district scale, the audits and analyses of 
buildings are also essential for identifying districts with high demands for retrofits. Riechel 
(2016) criticizes that only rarely the selection of districts for retrofit plans on a district scale 
(EQs) follows a systematic, holistic search process.  

The thermal quality of a building can be assessed using various approaches. One non-invasive 
auditing approach to determine the thermal condition of building envelopes and envelope 
components that is crucial for this dissertation is infrared thermography. By recording thermo-
graphic images, the thermal weaknesses of building envelopes related to heat, water, and 
airflow can be identified Lucchi (2018). Applications of thermography include the thermal 
characterization of walls, glazing, and windows; detecting areas with excessive heat loss; 
inspecting thermal insulation and air leakages; detecting moisture and water; measuring U-
values; and determining areas with thermal anomalies (Lucchi, 2018). According to Lucchi 
(2018) thermography can be divided into active and passive methods. Passive thermography 
focuses on the entire building envelope to identify thermal weaknesses, whereas active ther-
mography focuses only on thermal weaknesses and provides more details (Lucchi, 2018). In 
addition, a distinction can be made between indoor and outdoor thermography, depending on 
whether recordings are made from the inside of the building or from the outside. The influ-
ence of weather conditions on outdoor thermography is relevant for good thermographic 
practices (Volland et al., 2012). In Germany, DIN EN 13187 (DIN EN 13187, 1999) defines the 
thermography requirements (primarily for outdoor thermography) that must be considered for 
professional evaluation: For good thermographic practice, the temperature difference be-
tween the inside and outside of the building must be sufficiently large. Direct sunlight, strong 
temperature fluctuations, and wind changes must be avoided. Accordingly, during thermo-
graphic recording, climatic and environmental factors must be document. This dissertation 
focuses only on passive thermography from the outside. Both classical-terrestrial thermogra-
phy recorded with handheld cameras and airborne thermography using drones are covered 
under this dissertation. 

The processing and analysis of thermographic images can be performed manually or automati-
cally using thermographic images or 3D models derived from multiple images (Hou et al., 2021; 
Hou et al., 2022). Computer vision and deep-learning approaches can be used to automatically 
detect thermal patterns in thermographic images. A key concept for this dissertation is the use 
of neural networks for the processing of thermographic images. One of the greatest ad-
vantages of neural networks is their ability to learn effective representations for a given task, 
such as the recognition of thermal bridges in images of buildings (Leo et al., 2018). Such a 
neural network model must be trained using examples of labeled thermal bridges. Modern 
graphic processing units (GPUs) enable the processing of large image datasets and can deal 
with high image resolutions (Liu et al., 2017). Standard neural networks utilize neurons to 
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produce real-valued activations and adjust the weights to connect neurons to solve a specific 
task (Liu et al., 2017). When only small datasets are available, more powerful neural network 
architectures are required to achieve good results (Liu et al., 2017). 

Based on the information about the initial condition of buildings gained during audits, software 
or manual approaches can be used to create building models and calculate the energy con-
sumption requirements. These building models and retrofit measures can be examined and 
optimized by simulating their effects on the building and its performance. (Deb and Schlueter, 
2021) 
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3 Summary of the Studies and Key 
Results  

3.1 Paper A: Building Analysis Approaches for Planning 
Energy Retrofits on District Scale  

This section refers to the content of the paper “Evaluation of building analysis approaches as a 
basis for the energy improvement of city districts”, which was published in 2021 in the KIT 
Working Paper Series in Production and Energy. It was written in collaboration with Rebekka 
Volk, and Frank Schultmann. (Mayer et al., 2021 – Paper A) 

Study context and design:  

The basis for planning retrofits on a district scale, as intended by EQs, is the analysis of the 
existing building stock. The initial analysis of a district’s buildings is the most time- and re-
source-intensive step. It accounts for 40% of the time on average (Riechel and Koritkowski, 
2016) and 50–80% of the financial resources needed to develop an EQ (Neußer, 2017).  

The objective of this study was to provide an overview of the existing building analysis ap-
proaches on a district scale, which are commonly used in Germany. The basis of this study was 
an analysis of 25 publicly available EQ reports from Germany published between 2013 and 
2018. The sizes of the districts covered by the EQ reports varied in the range 4.6–235.5 ha, 
393–12,440 inhabitants, and 20–1,135 buildings, respectively. All considered districts contain 
mixed types of buildings with a significant share of residential buildings, as well as non-
residential building such as commerce, offices, industry, and schools. 

All the building analysis approaches mentioned in the studied reports were identified. Moreo-
ver, to investigate strengths, weaknesses, and potential improvements of existing approaches, 
short strengths weaknesses opportunities and threats (SWOT) analyses for the individual 
approaches were performed using the information given in the EQ reports. In this context, 
strengths were enhancers of an effective and efficient building energy analysis and weakness-
es were inhibitors leading to high costs, long analysis times, and inaccurate results. Opportuni-
ties are possible ways of mitigating weaknesses. Conversely, threats are risks that need to be 
considered when improving analytical approaches. The research design of this study is illus-
trated in Figure 3. 
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Figure 3: Study design for the analysis of EQs presented in Paper A (Original source: Mayer et al., 2021 – Paper A) 

Results and discussion: 

In all studies, a total of ten different approaches for analyzing buildings on a district scale were 
identified. These approaches are as follows: (1) the application of building typologies to obtain 
information for certain recurring building classes; (2) conducting expert interviews with local 
architects; (3) recording and processing of thermographic images for façade analysis; (4) ana-
lyzing building stocks of homogeneous sub-districts; (5) analyzing aerial images of building 
façades; (6) collecting data provided by chimney sweep associations; (7) analyzing building 
data from existing city databases such as monument registers; (8) using energy consumption 
data from local network operators; (9) surveying habitants and building owners; and (10) 
collecting data through on-site inspections. 

Current analytical approaches for districts require many resources for various reasons. For 
example, many existing databases containing information on the thermal quality of buildings 
are subject to strict data protection requirements. To obtain information from citizens, well-
informed building stakeholders need to be motivated to participate in the early stages of EQ 
development. Information available in existing building databases has no uniform formats. 
Thus, processing existing data is difficult. A combination of multiple approaches is commonly 
used to compensate for the weaknesses of individual analysis approaches. Some approaches 
are well-suited for the analyses of buildings with typical and recurring characteristics such as 
the building typologies. Other resource-intensive approaches such as expert interviews or 
thermography are suitable for the detailed analysis of buildings that are unique in their design 
and use. More precise analysis results require complex data acquisition, which is not always 
scalable for districts. To improve building analyses on a district scale, more research and fur-
ther development of the scalability of existing approaches and improvement of legal and 
organizational framework conditions at the state and municipality levels are needed. 

An important limitation of this study was that a relatively small number of EQ reports were 
studied due to limited accessibility. Moreover, EQ reports do not always provide complete 
information on the approaches used. Conversely, they focus more on presenting the results. 
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Expert interviews with developers of EQs, such as local energy agencies, are suitable for im-
proving the study design. 

3.2 Paper B: Evaluating the Quality of Aerial and 
Terrestrial Building Thermography for the Thermal 
Analysis of Buildings 

This section summarizes the contents of the paper “Comparison of building thermography 
approaches using terrestrial and aerial thermographic images”, which was presented in 2022 
at the SBE conference for the sustainable built environment in Berlin. It was written in collabo-
ration with Andres Epperlein, Rebekka Volk, Elena Vollmer, and Frank Schultmann. (Mayer et 
al., 2022 – Paper B) 

Study context and design:  

Due to the time-consuming nature of manual image recordings with handheld cameras, classi-
cal-terrestrial thermography reaches its limits when a significant number of buildings or whole 
city districts need to be audited (Bitelli et al., 2015). Further limitations of terrestrial thermog-
raphy are high buildings, recording of rooftops, and property rights that do not always allow 
comprehensive recordings from all building perspectives (Previtali et al., 2013). Thermographic 
cameras mounted on drones enable large-scale building audits. The collection of images can 
be automated with faster completion and lower cost (Krawczyk at al., 2015). Advantages of 
airborne thermography include the possibility of different recording angles and capturing 
images of tall buildings. In practice, thermographic images recorded using drones can also be 
used to generate 3D models (Hou et al., 2021). 

Entrop and Vasenev (2017) and Daffara et al. (2020), among others, have published studies 
dealing with optimal settings for drone thermography in building audits. However, they do not 
provide information on the thermographic image quality compared to static thermography.  

This study presented a structured approach to evaluate different flight settings by varying the 
distance between the drone and building, flight speed, and recording angles of a UAV-based 
thermal image (see Table 3). Additional terrestrial images were manually recorded using a 
handheld camera for quality comparisons. In summary, the dataset investigated consisted of 
140 aerial images and 249 terrestrial images of two multi-family buildings.  
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Table 3: Experimental parameters for thermographic drone flights of Paper B (Original source: Mayer et al., 2022 
– Paper B) 

Flight Viewing angle 
[°] 

Height above ground 
[m] 

Height above building 
[m] 

Flight speed 
[m/s] 

Flight 1 90 60 42 1 
Flight 2 90 60 42 3 
Flight 3 90 30 12 1 
Flight 4 45 60 42 3 
Flight 5 45 30 12 3 
Flight 6 45 60 42 1 
Flight 7 45 30 12 1 
 

The quality of images in this study’s dataset was evaluated using four qualitative and one 
quantitative quality criteria. The qualitative criteria were motion blur, contrast, visibility of 
image details, and perspective covered by the recording angle. The quantitative criterion was 
the comparative temperature difference. It was defined as the temperature difference be-
tween the central point of a thermal anomaly of an aerial thermographic image and terrestri-
al/other aerial thermographic image recorded with different flight settings. To evaluate the 
temperature difference, three points of interest with elevated temperatures in the building 
were considered. 

Results and discussion: 

The results of the study showed that for the analyzed dataset, the flight speed of the drone 
while recording images did not influence the image quality. Flight speeds did not cause motion 
blur varying in the range 1–3 m/s. Even greater flight speeds could be suitable, in contrast to 
the findings of Entrop and Vasenev (2017) who recommended speeds lower than 1.5 m/s for 
their technical equipment. Moreover, the study found that varying the distances and angles 
between the thermal camera and building can falsify quantitative temperature information, 
lower contrast, and decrease the visibility of image details. These effects are caused by a 
weakening of the returning infrared radiation or emissivity level. Considering the pros and 
cons of different distances (30 m/ 60 m above the ground which is 12 m/42 m above the 
building) and flight angles (90°/ 45°), the 90° perspective is suitable for analyzing rooftops. 
However, in this study, it was not advantageous as compared to a flight angle of 45°, which 
additionally enabled an analysis of façade areas. The analysis of rooftops was the best at a 
medium flight distance (12 m) above the building. However, a quantitative temperature study 
and detailed façade analysis were not possible at this distance. Additionally, the study found 
that a flight height of 42 m above the building is not recommended for quantitative studies. 
However, a distance of 42 m enabled the identification of large thermal bridges and leakages, 
which are distinctly visible in the images obtained in this study. This setting can be advanta-
geous for projects such as the analysis of whole districts, targeting the identification of the 
largest thermal leak, and providing a rough overview of multiple buildings. 
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The limitation of this study was the small number of images showing only two large buildings 
recorded on the same day under similar weather conditions. Quantitative analysis of the 
images was limited to three different points. A technical problem faced in the study was the 
strong vignette effect on the images. The camera caused a shadowing toward the edge of the 
images. Based on the results of this study, subsequent research performed in Paper C im-
proved the findings with a more comprehensive dataset, a reduced vignette effect, and more 
quantitative information. 

3.3 Paper C: Further Investigations to Evaluate the 
Quality of Aerial and Terrestrial Thermographic 
Images 

This section refers to the content of the paper “Investigating the quality of thermographic 
drone images for the analysis of buildings” published by the journal Remote Sensing in 2023 
and written in collaboration with Andres Epperlein, Elena Vollmer, Rebekka Volk, and Frank 
Schultmann. It builds on the insights and extends the research approach of Paper B “Compari-
son of building thermography approaches using terrestrial and aerial thermographic images”. 
(Mayer et al., 2023 – Paper C) 

Study context and design: 

This study was based on the research approach of Paper B (Mayer et al., 2022 – Paper B). It 
extended the methodology of Paper B by working with a more comprehensive dataset and 
introducing modified and improved quality criteria for thermographic images. The examined 
quality criteria were motion blur (already considered in Paper B), feature discernibility, and 
accessibility of areas under scrutiny. Moreover, two quantitative criteria were examined. They 
are the comparative temperature difference as introduced in Paper B and the comparative 
contrast that compared temperature contrasts for different recording settings. The dataset 
consisted of 968 thermographic images with 136 and 139 images that were automatically and 
manually recorded with a drone, respectively, and 693 manually recorded terrestrial images. 
The images were collected over two days and showed three large German MFHs. The thermo-
graphic images recorded with a drone were collected manually by a drone pilot to allow closer 
distances to the buildings and automatically by preprogrammed flight routes. Different flight 
speeds, camera distances, and camera angles were tested. The drone settings are presented in 
Table 4. For the evaluation of the quantitative criteria, 112 areas of interest showing an in-
creased temperature on the images, such as thermal bridges, rooftop opening vents, and other 
thermal anomalies, were analyzed and compared. In addition, the time efficiency of the re-
cording process for aerial and terrestrial images was considered. 
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Table 4: Experimental parameters for thermographic drone flights of Paper C (Original source: Mayer et al., 2023 
– Paper C) 

Flight Building Automatically/ 
manually 
performed 
flight route 

Camera 
angle [°] 

Height 
above 
ground 
[m] 

Height 
above 
building 
[m] 

Distance 
to 
façade  
[m] 

Flight 
speed 
[m/s] 

1 Full area Automatically 45 40 22 Varying 1 
2 Full area Automatically 45 40 22 Varying 3 
3 Full area Automatically 45 40 22 Varying 5 
4 Full area Automatically 45 60 42 Varying 3 
5 Full area Automatically 90 40 22 Varying 3 
6 Full area Automatically 90 60 42 Varying 3 
7 Wichernstr. 

4 
Manually 0 4–12 Varying 15 0 

8 Wichernstr. 
4 

Manually 0 4–12 Varying 8 0 

9 Wichernstr. 
4 

Manually 0 4–12 Varying 4 0 

10 Wichernstr. 
10-18 

Manually 0 4–12 Varying 15 0 

 
Results and discussion: 

In this study, flight speeds between 1–5 m/s did not decrease the image quality. Accordingly, a 
higher flight speed than that evaluated in Paper B did not have a negative impact. Increasing 
camera distance and the changing angles of the drone with respect to the building, however, 
created a significant negative impact by decreasing contrast, falsifying temperatures, and 
reducing feature discernibility. The 90° perspective provided a complete overview of rooftops. 
However, it excluded the façade and created a lower contrast due to reflections of the sky 
when recording at night. Recordings with a 45° camera angle enabled the analysis of both the 
rooftop and façade. Manual drone flights enabled high-quality recordings of high-façade sec-
tions that were not possible with terrestrial recordings or automated flight routes. With a flight 
height of 42 m above the building, areas larger than those with a flight height of 22 m were 
recorded within a shorter time. Quantitative information on contrast and temperature was 
falsified, which became evident in the quantitative analysis. Furthermore, with a 22 m record-
ing distance above the building, quantitative studies of building façades, such as the calcula-
tion of U-values of building envelopes, are not recommended. The time efficiency of automati-
cally recorded drone images was positively influenced by the dynamic recordings taken while 
flying. Conversely, larger flight distances and preparation times negatively impacted the time 
efficiency.  

The limitation of this study was that it only evaluated ten different flight settings recorded on 
two days. The flight settings were limited by the equipment and obstacles such as trees in the 
recording area. Future studies could use larger datasets recorded on more days, different 
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weather conditions, and at various times of the day, with additional flight settings for more 
buildings, and analyze more thermal anomalies to achieve better quantitative results. The 
dataset contained a negligible vignette effect in the images, which was considerably reduced 
compared to the dataset used in Paper B. To determine the exact influence of angle and re-
cording distance on the quality of images, future studies should determine the camera angle 
and distance of the drone with respect to the building, which is always changing during flight 
and could be calculated with photogrammetry approaches. 

3.4 Paper D: Building Façade Component Segmentation 
for Drone-Based Building Analysis Approaches  

This section refers to the paper “A computer vision approach for building façade component 
segmentation on 3D point cloud models reconstructed by aerial images”. It was presented at 
the EG-ICE 2021 Workshop on Intelligent Computing in Engineering and written in collabora-
tion with Yu Hou, Zhaoyang Li, Rebekka Volk, and Lucio Soibelman. (Hou et al., 2021 – Paper D) 

Study context and design:  

Thermal images of buildings can be used for training and testing computer vision approaches 
that automatically detect thermal bridges in certain building parts or automatically identify 
building parts with high energy losses. Most of the available databases of thermal images 
contain terrestrial images of buildings. They contain segmentation information and labels to 
distinguish between different building parts, such as windows and rooftops. These image 
databases cannot be directly used for training models to segment building parts on aerial 
images or in point-cloud models obtained with drones. As the labeling of newly captured aerial 
images is time-consuming and labor-intensive, it is valuable to find ways using existing terres-
trial datasets for aerial image processing. Thus, this study proposed a framework for training 
image segmentation models using terrestrial images to predict the semantic information on 
building façades. The results were tested on two datasets from the German city of Karlsruhe: 
one of the inner-city districts and the other of the university campus of the KIT.  

As a first step, 3D point cloud models were reconstructed using the ContextCapture software 
(Bentley, 2021) from aerial images obtained with drones. Examples of the reconstructed 3D 
models from Karlsruhe are shown in Figure 4. Next, 2D images were rendered from the recon-
structed 3D model. Then, semantic segmentation models based on two neural network archi-
tectures (ResNet+9 blocks and U-Net256 versions) of the generative adversarial networks 
(GAN) (Goodfellow et al., 2014) were trained for door and window segmentations with open 
source datasets. Finally, segmentation results were predicted based on the rendered 2D imag-
es for the university campus, inner-city area, and a test set of the open-source dataset.  

Two evaluation criteria were used to evaluate the performance of the methodology: an accu-
racy analysis of the segmentation performance on the open-source dataset and a performance 
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analysis for the rendered images. For the performance analysis, four metrics were used: preci-
sion, recall, intersection over union (IoU), and Dice coefficient. 

 

Figure 4: 3D point cloud reconstructions from thermal and RGB images presented in Paper D: (A) RGB and (B) 
thermal 3D model from a city area in Karlsruhe; (C) RGB and (D) thermal 3D model from a university campus in 

Karlsruhe (Original source: Hou et al., 2021 – Paper D) 

Results and discussion: 

The results showed the possibility of creating a 3D point cloud model created using aerial 
images, and that façade images can be rendered for segmentation using a virtual camera 
within the model. The segmentation accuracy decreased when using the images rendered 
from the 3D model compared to those of the open-source dataset. The important finding of 
this study was that segmenting windows is more accurate than segmenting doors. The meth-
odology also performed better for city data than for campus data, potentially because the 
building styles in the open-source dataset used for training were closer to the styles in the city 
images. In all cases except for predicting the door class in rendered images from the campus 
datasets, ResNet+9 blocks outperformed U-Net256.  

A limitation of the study was that for the test and training images, there were more pixels 
belonging to windows than to doors. Datasets with more door labels could be beneficial for a 
more balanced training. Moreover, there are two main ways to improve segmentation perfor-
mance: either by improving the quality of the rendered images or improving the segmentation 
algorithms. 
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3.5 Paper E: Automated Thermal Bridge Detection of 
Building Rooftops on District Scale Using Aerial 
Thermographic Images 

This section summarizes the contents of the paper “AI-based thermal bridge detection of 
building rooftops on district scale using aerial images”. It was presented at the EG-ICE 2021 
Workshop on Intelligent Computing in Engineering and was written in collaboration with James 
Kahn, Yu Hou, Rebekka Volk, and Frank Schultmann. The dataset used in this study is described 
in more detail in Paper G “Thermal Bridges on Building Rooftops (TBBR)”. (Mayer et al., 2021 – 
Paper E) 

Study context and design:  

To automatically detect thermal bridges on thermographic images with artificial intelligence 
(AI), previous studies worked with close-up images of single buildings and used threshold 
approaches to spot significant temperature differences in the images (Garrido et al., 2018; 
Macher et al., 2020; Martinez-de Dios and Ollero, 2006; Rakha et al., 2018). Unlike close-up 
images, panorama images covering whole districts contain different buildings from different 
angles and surroundings, such as streets, cars, humans, and traffic lights. For these images, 
threshold approaches are unsuitable for the reliable automatic detection of thermal bridges. 
This is because thermal bridges change their shape from different angles, and high tempera-
ture differences also occur in surrounding objects that are not buildings.  

This study analyzed the thermal quality of buildings on a district scale. The focus was on how 
thermal bridges on buildings can be quickly and easily identified within an entire district using 
aerial panorama images. The focus of this study was exclusively on building rooftops, which 
are particularly difficult to record using classical-terrestrial thermography and require aerial 
recordings. To accelerate the evaluation procedure, the potential of a deep learning approach 
was investigated. 

For this, a neural network (Mask RCNN-R18 (He et al., 2017) from the Detectron 2 library (Wu 
et al., 2019)) was trained and tested on thermal bridges on building rooftops (TBBR dataset). 
The TBBR dataset was created for this study in cooperation with Yu Hou, James Kahn, Tobias 
Beiersdörfer, and Rebekka Volk in 2021. It is available as an open source publication on Zenodo 
(Mayer et al., 2021) and described in more detail in Paper G. TBBR contains panorama images 
of buildings with five channels (RGB, thermal, and a height map) and includes annotations of 
thermal bridges. An example of an image from the TBBR dataset is shown in Figure 5. The 
average recall (AR) was used to score the detection results of the thermal bridges.  



3  Summary of the Studies and Key Results 

28 
 

 

Figure 5: Drone images of the city center of Karlsruhe used for the TBBR dataset presented in Paper E: (A) thermal 
image, (B) RGB image, and (C) image with height information (Original source: Mayer et al., 2021 – Paper E) 

Results and discussion: 

The results of this study for detecting thermal bridges on building rooftops are comparably 
poor. The best results were achieved for the TBBR dataset for large objects, which achieved a 
maximum AR of less than 20%. A key limitation of this study was the relatively small number of 
images available in the dataset because of the time-consuming process of manually annotating 
thermal bridges in images. In addition, inaccuracies were found in the TBBR dataset resulting 
from the misalignment of the RGB and thermal layers. A promising result of this study is the 
good performance for thermal bridge location, which was reliably detected on building roof-
tops and not on other building parts, such as façades, or the surroundings at street level. A 
hypothesis drawn from this study is the benefit of height maps for the computational learning 
process of rooftops. Based on the results of this study, a follow-up work evolved exploring this 
hypothesis, along with different neural network approaches to improve the automated detec-
tion results given the small amount of data. It is presented in Paper F. 

3.6 Paper F: Improving the Automated Thermal Bridge 
Detection of Building Rooftops Using Aerial 
Thermographic Images 

This section refers to the paper “Deep learning approaches to building rooftop thermal bridge 
detection from aerial images” which was published in 2022 by the journal Automation in 
Construction. It was written in collaboration with James Kahn, Yu Hou, Markus Götz, Rebekka 
Volk, and Frank Schultmann. It builds on the insights of Paper E “AI-based thermal bridge 
detection of building rooftops on district scale using aerial images” and extends the research 
approach. The dataset used in this study is an improved version of the dataset used in Paper E 
and is described in more detail in Paper G “Thermal Bridges on Building Rooftops (TBBR)”. 
(Mayer et al., 2022 – Paper F) 
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Study context and design:  

This study built on the findings of Paper E and extends its methodology (Mayer et al., 2021 – 
Paper E). It also evaluated thermal bridge detection on building rooftops of panorama drone 
images using deep learning approaches. As Paper E did not show sufficiently satisfactory re-
sults for the detection of thermal bridges, this study investigated ways to improve automatic 
thermal bridge detection results. For this, the accuracy of the TBBR dataset annotations was 
improved with an updated version of 2.0, by creating a more precise alignment of the RGB, 
height, and thermal image channels. Moreover, different neural network architectures were 
tested on the improved dataset to compare their performance.  

The study is divided into two parts that use different computer vision frameworks. The first 
part works with the Detectron 2 library (Wu et al, 2019), which is consistent with the study 
design of Paper E. The first part has two goals: investigating the benefit of the height map for 
training the neural network and verifying the benefits of the updated TBBR v2 dataset. The 
second part worked with OpenMMLab’s MMDetection library (Chen et al., 2019). Both librar-
ies, Detectron 2 and MMDetection, were chosen as they are well-known frameworks that 
focus on a mix of accessibility and demonstrated performance. The goal of the second part is 
to investigate the performance of different neural networks in automatically detecting thermal 
bridges on building rooftops on the TBBR v2 dataset. Four different architectures were consid-
ered. In addition, all models were trained with and without pre-training. All studied model 
configurations are listed in Table 5 to compare their performance in line with Paper E. For each 
configuration, five trainings with different random seeds were trained and tested to obtain the 
mean and standard deviation of the AR scores. Figure 6 illustrates the research approach. 
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Figure 6: Flowchart for the study design of Paper F (Mayer et al., 2022 – Paper F) 

Table 5: Tested neural network architectures and training configurations presented in Paper F (Mask RCNN-R18* 
indicated that the model was initialized with the identical random seed as used in Paper E) (Original source: 

Mayer et al., 2022 – Paper F) 

Framework Architecture Pre-trained Ablation (without 
height map) 

Detectron 2 Mask RCNN-18 - - 
- X 

Mask RCNN-18* - - 
MMDetection Mask RCNN-R50 - - 

X - 
- X 
X X 

Swin-T - - 
X - 

TridentNet - - 
X - 

FSAF - - 
X - 
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Results and discussion: 

For the first part of the study, comparing the second version of the TBBR dataset with the old 
version from Paper E, the results for the automatic detection of thermal bridges improved 
considerably. The test-time performance approximately doubled using an identical Mask 
RCNN-18 configuration. For the ablation study without height map information, the test results 
for detecting thermal bridges on rooftops did not show worse AR scores than the models 
trained with height information. Nevertheless, more falsely detected thermal bridges ap-
peared on the ground and components that were not building rooftops in the ablation study. 
This is consistent with the results presented in Paper E. 

The results of the second part of the study showed which neural network architectures work 
best for detecting thermal bridges on rooftops for the TBBR v2 dataset. The best AR scores 
were achieved with the MMDetection framework, particularly with the pre-trained Swin-T 
transformer models. An AR of approximately 50% was achieved for large thermal bridges with 
a pre-trained configuration. Overall, the pre-trained models showed better scores than the 
non-pre-trained models.  

The limitation of the study was the small size of the TBBR dataset. It only contained images of 
the German city of Karlsruhe. In addition, the images in the dataset showed a significant over-
lap. For future studies, the scoring of detected thermal bridges should consider scores across 
all instances of the same thermal bridges and not only those of individual images. Although the 
results of this study were promising (especially compared to the poor results of Paper E scoring 
a maximum AR of less than 20% for large thermal bridges), better results are likely possible 
with larger datasets.  

3.7 Paper G: Dataset of Thermal Bridges on Building 
Rooftops  

This section refers to the paper “Thermal Bridges on Building Rooftops (TBBR)”, which was 
published in 2023 in the journal Nature Scientific Data and written in collaboration with James 
Kahn, Markus Götz, Yu Hou, Tobias Beiersdörfer, Nicolas Blumenröhr, Rebekka Volk, Achim 
Streit, and Frank Schultmann. It provides the data descriptor for Paper E “AI-based thermal 
bridge detection of building rooftops on district scale using aerial images” and Paper F “Deep 
learning approaches to building rooftop thermal bridge detection from aerial images”. (Mayer 
et al., 2023 – Paper G) 

Dataset information: 

This paper afforded a detailed description of a dataset of thermal bridges on building rooftops 
(TBBR). The TBBR dataset contains 926 images of six large building blocks located in the city 
center of Karlsruhe. The images were recorded from different angles at flight heights in the 
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range 60–80 m above ground in March 2019. They contain 6895 annotations of thermal bridg-
es in the COCO JSON format (Lin et al., 2014) that were created using the VGG Image Annota-
tor software (Ditta and Zisserman, 2019). All images consist of five channels: three channels for 
RGB information, thermal information, and a height map generated from a 3D building model. 
This dataset can be used to train and evaluate neural networks. For this purpose, the dataset 
was divided into a training subset of 723 images containing 5614 annotations of thermal 
bridges and a test subset of 203 images containing 1313 annotations of thermal bridges. Table 
6 provides an overview of the dataset for the annotations of the thermal bridges and rooftops 
at which they occur. 

Table 6: TBBR annotations and characteristics (Original source: Mayer et al., 2023 – Paper G) 

Criterion Characteristic Train Test Total 
Rooftop shape Steep roof 3939 895 4834 

Flat roof 524 379 903 
Mixed shape 1151 39 1190 

Rooftop component Rooftop surfaces 437 185 622 
Component connections 3977 842 4819 
Cantilevers 640 149 789 
Windows 560 137 697 

3.8 Paper H: Thermographic Image-Based Assessment for 
Thermal Bridges on District Scale  

This section refers to the contents of the paper “Aerial thermographic image-based assess-
ment of thermal bridges using representative classifications and calculations” which was 
published in 2021 in the journal Energies. It was written in collaboration with Julia Heuer, 
Rebekka Volk, and Frank Schultmann. (Mayer et al., 2021 – Paper H) 

Study context and design: 

The prime disadvantage of large-area thermography using drones is generally a lack of detailed 
background information on individual building materials and construction methods. This study 
examined a methodology for identifying thermal bridges in thermographic drone images and 
rating them with regard to their retrofit potential using simplifications for building classes of 
interest. For this, the procedure for identifying and assessing thermal bridges was developed 
as follows and tested for German buildings constructed in 1950–69. First, a comprehensive 
dataset of thermographic images of the building type of interest was collected. Preprocessing 
software was used to enhance the quality of thermographic images and optimize the color 
scheme. The dataset was manually analyzed for thermal bridges, which in the next step could 
be classified as recurring patterns. To ensure that the thermal anomalies in images were real 
thermal bridges and not caused by open windows or moisture on specific building parts, these 
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thermographic images were compared with simultaneously collected RGB images. The differ-
ent identified thermal bridge classes were then characterized using representative building 
information for materials and construction methods. Size related retrofit costs for each ther-
mal bridge class were subsequently calculated. The procedure is summarized in Figure 7. 
 

 

Figure 7: Research design of Paper H. For more details on references of the Figure see original paper. (Original 
source: Mayer et al., 2021 – Paper H) 

This study focused on German buildings constructed between 1950 and 1969. For this building 
class, a comprehensive dataset of thermographic drone images from Karlsruhe, Germany, was 
studied. A total of 14 relevant and recurring thermal bridge types were identified. They were 
based on the classification of 28 thermal bridge types according to the Supplementary Sheet 2 
of DIN 4108 (DIN 4108, 2021). These thermal bridge types were summarized and illustrated 
using representative thermographic images from the dataset used in Table 7. To characterize 
the 14 thermal bridge types for their risk of mold growth, potential heat losses, and retrofit 
potentials, representative thermal bridges and typical retrofit options were simulated using 
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the software ThermCad from ROWA-Soft (Thermcad) (ROWA soft, 2021). The costs of the 
possible retrofits were also calculated.  

Table 7: Overview of thermal bridge types visible on thermographic drone images presented in Paper H (Original 
source: Mayer et al., 2021 – Paper H) 

Type of thermal  
bridge 

Example image Type of thermal  
bridge 

Example image 

Window sill 
 

Balcony slab 
 

Window lintel 
 

Dormer 
 

Floor slab 
 

Window reveal 
 

Connection  
wall and rooftop 

 

Roof ridge 
 

Connection  
rooftop on wall 

 

Attic 
 

Staggered story 
 

Inside wall 
 

Roller shutter casing 
 

Basement  
ceiling slab 
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Results and discussion: 

Thermographic drone images enabled the identification of thermal bridges on a district scale. 
Recurring thermal bridge types were detected and interpreted. This study provided a cata-
logue of thermal bridge types for German buildings from the 1950s and 1960s, with exemplary 
thermographic panorama images and information on mold growth risks, energy losses, and 
retrofit potentials. This catalogue is suitable for practical applications. In this study, retrofits of 
thermal bridges with window components, basement ceiling slabs, balcony slabs, floor slabs, 
and attics were relevant for preventing mold growth. To save energy, on the other hand, 
thermal bridges of window sills, window lintels, and attics were relevant.  

Building analysis approaches at the district scale, such as those introduced in this study, need 
to work with simplifying assumptions, which can be imprecise in practice. Thus, the approach 
presented in this study did not replace the detailed analyses of buildings and comprehensive 
planning efforts for the retrofitting of thermal bridges. Conversely, it provided the first indica-
tion of which structures need to be assessed in more detail when considering the thermal 
quality of the entire district. Future studies can use this methodology to further develop ther-
mal bridge catalogs. Furthermore, the detection and measurement of certain easily identifia-
ble thermal bridge types can be automated in the future (e.g., using deep learning approach-
es). Potential energy-saving can be automatically estimated through size-related systematics. 

3.9 Paper I: Planning Thermal Retrofits for Single 
Buildings 

The contents of the paper “Analysis of financial benefits for energy retrofits of owner-occupied 
single-family houses in Germany”, published in 2022 in the Journal Building and Environment, 
are discussed herein. It was written in collaboration with Rebekka Volk, and Frank Schultmann. 
(Mayer et al., 2022 – Paper I) 

Study context and design:  

Germany provides comprehensive financial incentives for energy retrofits of SFHs, which 
motivates people to take retrofit measures for their buildings. An optimization model can help 
weigh various retrofit measures against each other by considering the financial incentives 
provided by the state. To date, many retrofit measure optimization models exist, such as those 
by Antipova et al. (2014), Jafari and Valentin (2017), Kumbaroğlu and Madlener (2012), Rupar-
athna et al. (2017), Wang et al. (2014), and Wu et al. (2016). No existing model at the time of 
the study was found that economically optimized German buildings and German framework 
conditions of energy standards, retrofit costs, different financing alternatives, and German 
funding schemes. 
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Thus, this study presented a planning optimization model for the thermal retrofitting measures 
for SFHs. As financial profitability is a major decision criterion for performing retrofits in Ger-
many (Gossen and Nischan, 2014; Renz and Hacke, 2016; Stieß et al. 2010), a model was de-
veloped to optimize the monetary savings of building operations for different time periods for 
hot water and space heating through different retrofit options. The calculation developed 
considers funding schemes for supporting energy retrofits and allows conclusions to be drawn 
regarding whether funding instruments offer sufficient incentives for comprehensive, climate-
friendly retrofits. The model is based on a mixed-integer economic optimization. All the com-
ponents of the optimization model are illustrated in Figure 8. 

 

Figure 8: Model components of the optimization model including model input parameters, calculation modules, 
and model outputs presented in Paper I (Original source: Mayer et al., 2022 – Paper I) 
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In a case study, all components of the model were implemented using the German framework 
conditions in the general algebraic modeling system (GAMS) programming language (GAMS, 
2021) and tested for different retrofit scenarios. Two SFHs constructed in the 1960s and 1970s, 
modeled according to the representative buildings, described by Loga et al. (2015), were the 
focus of the case study. The German funding instruments of Kreditanstalt für Wiederaufbau 
(KfW) (Credit Institute for Reconstruction), of Bundesamt für Wirtschaft und Ausfuhrkontrolle 
(BAFA) (Federal Office for Economic Affairs and Export Control), and tax benefits according to 
Einkommenssteuergesetz (EStG ) (Income Tax Act) §35c as of 2020 were examined (BAFA, 
2020; EStG, 2020; KfW, 2020).4 

Results and discussion:  

The model presented in this study complements existing models by introducing a simple ap-
proach to approximate the heating energy needs of SFHs. Owing to its mathematical imple-
mentation, it operates with fast computing time. It provides decision support for financially 
optimal retrofit measures from the perspective of self-using SFH owners and covers the Ger-
man framework conditions.  

The results of the case study indicate that considerable CO2 reductions for building operations 
are possible. Within a 20 years planning period, all energy retrofits of the two SFH representa-
tives reached a point where retrofit investments were amortized or approximately amortized 
through energy savings. Even with comprehensive retrofit necessities of the buildings, energy 
retrofits showed short time spans of 10–20 years for positive returns on investments. Under 
the German framework conditions, retrofit measures that exceeded the regulated minimum 
energy standard of building components proved to be optimal in approximately all scenarios 
that were studied in this paper. Regarding the funding schemes of KfW, BAFA, and tax benefits, 
this study showed that the funding conditions are not designed to maximize the CO2 savings of 
an energy retrofit. Instead, the funding efficiencies of funds ranging from 493-3747 € differ 
considerably in reducing one ton of CO2 annually. This is because the German funding system 
focuses on reducing the primary energy use and not CO2. The replacement of the heating 
system leads to significant CO2 savings, whereas measures on the building envelope only lead 
to relatively small reductions. 

This study had various shortcomings and possible improvements. The developed model leads 
to a systematic overestimation of financial, energy, and CO2 savings. This is because of the 
assumption of standardized user behavior that overestimated the heating energy needs com-
pared to the empirically measured heating energy consumptions. For the comprehensive 
database of the study, some values used in the calculations, such as prices for retrofit 
measures that were only adapted with adjustment factors, should be updated. The study was 

                                                           
4 There was a revision of the subsidies for energy retrofits after the publication of the study in 
2022. More information on this is provided in the Discussion Section. 
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limited to only operational performance and cost savings and did not consider grey energy for 
retrofit measures, life cycle assessment, and increased asset values of investments. With 
nonlinear equations and more precise energy simulations, the reliability of the model can be 
increased when fast computing times are not prioritized. 



39 
 

4 Conclusion and Discussion 
This dissertation investigated the potential and limitations of different thermal analysis ap-
proaches for existing buildings, which can help prepare suitable energy retrofits. For this 
purpose, nine papers (Papers A, B, C, D, E, F, G, H, and I) focused on individual buildings as well 
as multiple buildings on a district scale. The important concepts of this work were thermogra-
phy with drones for building envelope auditing, automated processing of thermographic imag-
es, and modeling and optimizing energy retrofit measures. Both technical and economic crite-
ria were examined in this study in the context of the German standards and framework 
conditions. 

While a conclusion, discussion, and critical appraisal were provided for each individual study in 
the corresponding papers, the overall picture of the dissertation is concluded and critically 
discussed in this section. It also refers to the initial research questions of this work, asking 1) 
which analysis approaches for buildings on a district scale are commonly used for planning 
thermal retrofits, 2) how can thermography instruments with drones be used to analyze build-
ings on a district scale, 3) how can the processing of thermal images collected with a drone be 
automated for the detection of thermal weaknesses of building envelopes, and 4) how can 
efficient and effective thermal retrofit measures be planned for buildings in Germany. 

The popularity of energy retrofit plans at the district scale is growing in Germany. This is 
demonstrated by the large number of current EQs. As of mid-2021, KfW has approved more 
than 1,550 funding applications for EQs since it was introduced in 2011 compared to the 850 
EQs as of 2019 mentioned in Paper A (ES, 2022). Different approaches are commonly used to 
analyze buildings on district scales to prepare retrofits, such as citizen surveys, expert inter-
views, the use of energy consumption information from network operators, and building 
typologies. Thermography is also currently used for EQs in audit buildings but is usually limited 
to individual buildings because of the resource-intensive nature of this approach.  

A key approach for auditing multiple buildings on a district scale for the development of EQs 
considered in this study is the aerial thermography with drones. In contrast to classical-
terrestrial thermography, there are considerable possibilities of scaling to entire districts and 
even cities. Airborne thermography offers novel opportunities for auditing buildings and roof-
tops that are otherwise hardly accessible. However, for the automation of drone recordings, 
the current state-of-the-art equipment requires that a sufficient safety distance from obstacles 
be maintained. In practice, larger distances to buildings are usually necessary compared to that 
for handheld cameras. Additionally, varying recording angles may occur for automated flight 
routes when covering large areas. Due to these recording conditions, the quality of images 
suffers, as shown in Papers B and C. The quantitative evaluation of thermographic images is 
associated with considerable quantitative falsifications in contrast and temperature. Converse-
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ly, airborne thermography is considerably efficient for the qualitative investigation of a build-
ing stock’s thermal constitution.  

When recording areas with thermographic cameras using drones, buildings with unexpected 
relative heat losses or relevant thermal bridges can be detected and interpreted, as shown in 
Paper H. The detection of thermal bridges can be automated using 3D models and deep learn-
ing approaches. These approaches can achieve good results as demonstrated in Papers E and 
F. To further develop airborne thermography, technical innovations such as drones that auto-
matically keep certain however small distances from buildings and can fly around obstacles 
would be an advantage. A decisive limitation of Papers B, C, D, E, F, and H dealing with ther-
mographic images is that the datasets used for drone images (such as that presented in Paper 
G) only contained a comparably small number of images and were recorded on only a few days 
for a limited number of buildings. For the improved qualitative evaluation of thermographic 
image datasets, more comprehensive, more diverse datasets, and new evaluation methods, 
such as through further developed neural networks are required.  

Building models, such as those presented in Paper I, are suitable for a precise analysis of the 
individual energy requirements of buildings. Here, the economic, technical, and ecological 
possibilities were evaluated. In Paper I, which is based on the German framework conditions 
for owner-occupied SFHs as of 2020, for example, the replacement of the building heating 
system was more attractive than the retrofit of the building envelope.  

Many results of this work, such as in Paper H and I, are applicable for framework conditions in 
Germany or are based on datasets of German buildings. However, most of the findings are 
transferable and adaptable to the framework conditions of other countries. This is important 
as there are a significant number of old buildings constructed with low thermal quality in other 
parts of Europe and the world. In addition, in Germany, some framework conditions have 
changed since the publication of the studies presented in this work or will change in near 
future. This is particularly true regarding the political conditions and funding schemes for 
buildings that are part of Paper I. With the coalition agreement of the German federal gov-
ernment from 2021 to 2025, changes in the legal framework are planned that are intended to 
mitigate the effects of climate change in the building sector. Changes in the GEG increase the 
standards for every newly installed heating system that must be operated on the basis of 65% 
renewable energy. The standards for significant building extensions, conversions, and retrofits 
of existing buildings in the GEG will be adjusted so that the parts to be replaced correspond to 
a higher quality standard called the Effizienzhausstandard 70 (efficiency house standard 70)5 
(PIB, 2021). Moreover, the funding schemes for energy retrofits investigated in Paper I were 
changed in 2022 (BA, 2022a). 

                                                           
5 For more explanations on efficiency house standards see Paper I 
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In addition to the German policy, international conditions have evolved considerably and have 
impacted the German market. During the preparation of this dissertation, Russia's war of 
aggression against Ukraine drastically influenced the world economy (Mbah and Wasum, 
2022). In Germany, this had a particular impact on thermal energy. For example, in the gas 
sector, there has been a significant and constantly changing price increase and scarcity, which 
is also reflected in energy supply systems, such as district heating (BA, 2022 b). Legal require-
ments that have already been initiated by the new federal government also lead to price 
distortions in the profitability calculations, as considered in Papers H and I. For example, elec-
tricity prices changed through a new law “Gesetz zur Absenkung der Kostenbelastungen durch 
die EEG-Umlage und zur Weitergabe dieser Absenkung an die Letztverbraucher,” reducing the 
cost burden through the Renewable Energy Law surcharge to zero (BT, 2022). Consequently, 
geopolitical factors also play a role in the design of funding schemes, not only to focus exclu-
sively on the CO2 saving potential of retrofit measures, but also on the security of supply 
chains. In addition to ecological, geopolitical, and financial factors, the availability of skilled 
workers is a challenge for energy retrofits in Germany. Thus, from the perspective of the 
German government it is stated: “There is often a lack of available capacity in the trade to 
implement retrofit measures, and construction companies report capacity bottlenecks due to 
the increasing shortage of skilled workers. Overall, this leads to increasing construction costs, 
delays, and implementations with suboptimal energy quality”6 (BMWK, 2022). 

Despite numerous challenges and constantly changing political, economic, ecological, and 
technical framework conditions, thermal retrofitting of buildings will be a decisive step toward 
climate neutrality. Analysis methods and modeling approaches must be adapted to these 
volatile conditions. In conclusion, despite the limitations of this work for datasets and meth-
odology, relevant new insights were provided in this dissertation and its corresponding papers. 
They have provided the basis for further development of building analysis approaches for 
single buildings and those on a district scale.

                                                           
6 Translation from German original citation “Oftmals fehlen im Handwerk verfügbare Kapazitä-
ten, um die Maßnahmen umzusetzen, und Baufirmen melden Kapazitätsengpässe durch den 
zunehmenden Fachkräftemangel. In Summe führt das zu steigenden Baukosten, -
verzögerungen und Umsetzungen mit suboptimaler energetischer Qualität. Insgesamt verharrt 
die Sanierungsquote auf einem Niveau, das, gemessen an den Klimaschutzzielen im Gebäu-
debereich, zu gering ist. ” (BMWK, 2022) 
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Summary

Municipalities in Germany develop policy plans referred to as ‘Energetische Quartierskonzepte’ 
(EQ, pl. EQs) to lower and decarbonize the energy consumption of existing buildings in whole 
city districts. These EQs describe the status-quo, a strategy, and measures for the energy-
related improvement of a district based on an initial analysis of the buildings in the considered 
area. We study 25 publicly available reports of German EQs to identify common state-of-the-art 
approaches for the analysis of buildings on district scale, summarizing their strengths and 
weaknesses. We extract ten approaches that are currently applied in practice. Overall, we 
could not find any connection between the year of the EQ publication, the district size, and the 
type and quantity of analysis approaches used. The most common approaches for obtaining 
data for building analyses are the use of representative building typologies, on-site inspections 
of buildings, datasets from network-operators, and citizen surveys. The main weaknesses of 
the assessed approaches are for example inaccuracies due to simplifying assumptions, 
inconsistent data formats from different data sources, and problems due to data protection 
restrictions. The standardization, combination, and further development of the assessed 
approaches are recommended.
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1. Introduction 

The Paris agreement of 2015 obliges the signing nations to restrict the rise in global 

average temperature well below 2°C compared to pre-industrial levels and to pursue 

efforts to limit it to 1.5°C [1]. To achieve such goals, urban areas play a key role. Today, 

more than half of the world’s population lives in urban areas that contain the majority of 

the world’s built assets and economic entities [2].  

In 2018, the building sector accounted for the largest share of both global final 

energy use (36%) and energy-related CO2 emissions (39%), and thus possesses a high 

potential for energy savings [3]. The Intergovernmental Panel on Climate Change (IPCC) 

summary for urban policy makers highlights the key role of the transformation and 

retrofitting of building stocks in urban areas for the achievement of climate goals [2]. 

This role is also emphasized by the New Urban Agenda [4], envisaging cities as part of 

the solution for sustainable development and climate protection. A part of this agenda 

focuses on the renewal, regeneration, and retrofitting of urban areas, and the provision 

of “high-quality buildings and public spaces, promoting integrated and participatory 

approaches involving all relevant stakeholders and inhabitants and avoiding spatial and 

socioeconomic segregation and gentrification”.  

To push a sustainable urban transition in the building sector, there are three main 

levels of action: the city scale, the district scale, and the building scale [5]. The district 

scale (neighborhood/ community scale) is the intermediate level between the city and 

the building scale, a spatially narrow area consisting of several private and/or public 

buildings, including public infrastructure [6, 7]. 

The district scale has certain advantages for the development of energy 

improvement approaches and their implementation and is also emphasized by the New 

Urban Agenda [4]. Riechel [5] summarizes different advantages of the district scale: 

Compared to action plans for single buildings, plans on district scale provide the 

possibility of cost digressions and other economies of scale for procurement, installation, 

or energy improvements. The closeness between inhabitants and other stakeholders in a 

neighborhood is an advantage compared to the development of strategies on city scale. 

Communication in a district takes place with its own dynamics: for example, informal 

communication among neighbors ("neighborhood gossip") or copying of building 

modernization in the neighborhood by other owners. Moreover, approaches on district 

scale do not only focus on buildings, but also on framework conditions of a district such 

as the optimization of infrastructure in a district. When planning building retrofits and 

the optimization of a district heating network there can be relevant efficiencies which 

can’t be taken into account in practicable way at the city- or building scale [8]. 

Approaches on district scale can also take into account the local stakeholders (e.g. 

inhabitants and building owners) and their individual preferences in a more targeted 

way than on city scale. This is relevant, for example, when retrofitting multi-occupancy 

residential buildings with multi-property ownerships, which often requires special 

efforts for the coordination and participation of owners [9]. 
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In order to systematically use the advantages of the district scale for the energy 

retrofit of buildings, there are various standardized approaches that are supported and 

funded by governments. Examples are the Community Energy Strategic Planning 

(CESP) in the USA [10], Community Energy Planning (CEP) in Canada [11], Positive 

Energy Districts (PED, pl. PEDs) in Europe [12] and “energetische Quartierskonzepte” 

(EQ, pl. EQs) in Germany [7]. CESP, CEP and EQs intend to reduce the energy use and 

increase the use of renewable, low carbon energy sources of buildings [7, 10, 11]. PEDs 

are energy-efficient and energy-flexible urban areas or groups of buildings which have 

net zero greenhouse gas emissions and contribute to a surplus production of renewable 

energy [12]. Moreover, there are countries (e.g. China) where district energy planning is 

not established yet, primarily because there are no clear standards and specifications for 

these plans, but emphasized as beneficial in future by researchers [13].  

While the development of 100 total PEDs is targeted by 2050 [12], already 150 CEP 

projects have been developed as of 2015 [11], and even 850 EQs in Germany as of 2019 

[14]. For the USA, the authors could not find any official figures on the progress of the 

development of CESP. 

There is no generic approach for the improvement of existing building stocks on 

district scale known to the authors that has been performed as frequently and has a 

broad, often publicly accessible reporting system as German EQs. EQ reports are 

documents that are authored by energy agencies, universities and scientific research 

institutions and are usually commissioned and published by municipalities. They 

describe the process and the results of an EQ development. The German government 

supports municipalities in developing EQs with financial incentives by Kreditanstalt für 

Wiederaufbau1 (KfW). KfW offers financial support via its program 432 for energy-

focused city district optimization. The amount of the financial support of the KfW bank 

is between 5,000 euros and 350,000 euros per EQ and includes personnel and material 

costs for the development of an EQ and its implementation for the duration of maximum 

5 years. [7]  

KfW defines minimum requirements, procedures, and standards for the 

development of an EQ. Following the KfW definition [7], an EQ has to include six 

planning steps to receive funding, shown in Figure 1. The first step is the initial analysis 

of the district, its buildings, and infrastructure to identify large energy consumers and 

potential for energy savings. The second step is the development of an action plan, 

including specific measures and goals for the reduction and decarbonization of energy 

consumption in the district. An effective and efficient action plan depends significantly 

on a well-founded analysis of the initial state. The third step includes a plan for 

financing all planned actions. It must be clarified how much the municipalities pay 

themselves or through third parties and how much funding from KfW is needed. The 

fourth step targets the stakeholders (e.g. inhabitants, building owners, and local business 

people) of the district. With public participation measures and active energy consulting, 

the aim is to address and motivate these stakeholders to participate in the EQ process. 

This is a key step for the success of an EQ as the implementation of all measures 

depends on the participation of the stakeholders, especially the building owners and 

their willingness to invest own money, time, and effort. Concrete analysis results and 

the clarification of identified weak points in the individual buildings of the district can 

help for the mobilization of building owners. The fifth step is an implementation 

strategy, including a timetable and priorities for the implementation of actions. The final 

step is a plan for the long-term evaluation, performance monitoring, and assessment of 

success during the implementation of the EQ. [7,15] 

 

1 (engl. German Reconstruction Loan Corporation) 
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The specifics of individual steps are largely not specified by the KfW. Each 

municipality can/must find its own ways of designing them in the context of each 

individual district.  

 

 

Figure 1. Planning steps of an EQ as outlined by KfW [7, 15] 

The initial analysis of the district’s buildings is the first step in the development of 

an EQ and the basis for all further steps. It is also the most resource-intensive step. 

Riechel and Koritkowski [16] state that the time required for collection of the data of a 

district can account for up to 65% of the total EQ development. On average, they 

estimate that the time share of this step is about 40%. For the pilot projects of the KfW 

program 432, Neußer [17] shows that a major share of 50% to 80% of the funding 

amount and time is spent for the analysis of the initial energy situation of buildings and 

facilities. This shows that the analysis step is decisive in order to reduce costs and time 

required for the development of EQs which could lower barriers for municipalities to 

invest in EQs and push climate protection measures for buildings on the district scale. 

In this study, we address the following research questions on the analysis of 

districts for the development of EQs: Which approaches form the current practices for 

the analysis of districts in EQs? What are the strengths and weaknesses of current 

analysis approaches to analyze buildings on a district scale? What improvements of 

current approaches are possible and necessary for increasing EQ uptake? 
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2. Related work 

In Germany, many recent publications and guidelines deal with the development of 

EQs and the initial analysis of a district. Early research goes back to the research 

program ExWoSt 2  dealing with innovative housing and urban development of the 

Federal Ministry of Transport, Building, and Urban Affairs [18]. Numerous projects in 

the field of the energy-related optimization of districts, such as “Energetische 

Stadterneuerung” 3 , “EnEff:Stadt” 4 , “Anforderungen an energieeffiziente und 

klimaneutrale Quartiere”5 (EQ-project), as well as guidelines at state level have emerged 

from this program [18-21]. 

The EQ-project deals with requirements for energy-efficient and climate-neutral 

districts on the basis of five sample districts that were among the first EQs in Germany 

following the KfW standards [18, 21]. The EQ-project investigates EQs and evaluates 

them with a view to their components and instruments for the climate-friendly 

improvement of urban districts. The research approach uses a qualitative analysis of 

impact relationships and a quantitative evaluation of energy saving measures. It focuses 

on the energy performance of buildings as well as in the transport sector of a district. For 

the initial analysis of a district, it highlights that good ways of aggregation (e.g. via 

building typologies) help keep initial data collection to a reasonable level of effort. This 

study is a good first approach to evaluating EQ practices, but is superficial regarding the 

initial district analysis and is based on only five early EQs. 

More recent research on the quality of EQs is currently done by the BES project6 

[22]. It evaluates EQs supported by the KfW program 432 with different subprojects and 

approaches to improve the program in line with practical needs, as well as to support 

the targeted knowledge transfer and the public communication of results. Up to 70 

reference EQs are being examined within the framework of the research project. Final 

results are not available yet. So far, the BES project provides a short overview of 

planning tools for district analysis [23]. A more in-depth examination of current district 

analysis approaches in EQs and a consideration of their strengths and weaknesses are 

missing. 

Neußer [17], who also takes part in the BES project, deals among other topics with 

the quality of databases for the analysis of districts. He criticizes the lack of standards for 

the collection and use of basic information in EQs, and thus the lack of comparability 

between EQs. Neußer also mentions the heterogeneity of districts as a challenge for the 

development of EQs, but neither specifies his critique nor proposes solutions.  

The project “TransStadt” examines 15 districts that developed EQs with respect to 

local transformation paths in the context of a strategically oriented integrated urban 

development mix [5, 16, 24]. Riechel and Koritowski [16] focus on the obstacles and 

conflicts at municipal level that make it difficult or impossible to achieve national 

climate protection goals. Moreover, they identify the weaknesses of several components 

of existing EQs. For the initial analysis, Riechel and Koritowski state difficulties in 

collecting heat data in districts due to data protection regulations, and criticize the 

inconsistency of data used in the developed EQs such as CO2 equivalents or the share of 

renewable energies in the electricity mix. The “TransStadt” project also developed a 

guideline to municipal transformation management for local heat transition [24]. This 

guideline includes advice on collecting technical data for the heating system and thermal 

 

2 ExWoSt: Experimenteller Wohnungs- und Städtebau (engl. Experimental urban development) 

3 (engl. Energy renewal of cities) 

4 EnEff:Stadt: Energieeffiziente Stadt (engl. Energy efficient city) 

5 (engl. Requirements for energy-efficient and climate-neutral districts) 

6 BES: Begleitforschung zur Energetischen Stadtsanierung (engl. Accompanying research on urban energy renewal) 
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quality of a district. It also mentions some weaknesses of current analysis tools, data 

protection requirements, and the integration of different data formats. 

International research on the energy performance analysis of districts is 

summarized by Aghamolaei et al. [25]. They reviewed approaches in three sections: (1) 

approaches defining district energy performance, (2) approaches to and methodologies 

for district energy performance evaluation, and (3) system interactions between district 

entities. They state that few of the reviewed studies investigated the challenges in the 

initial stages of designing different steps of energy performance analysis in districts. 

However, inaccurate or imprecise assumptions in the basic steps of energy performance 

analysis can lead to expensive and irreversible consequences such as waste of project 

resources or unreliable results and solutions.  

This literature overview shows that, particularly for German EQs, there is already 

research covering the topic of the analysis of city districts. However, there is no 

publication providing a comprehensive list of current approaches and focusing on their 

quality for the energy analysis of buildings in a structured way. So far, it has not been 

possible to conclude from existing publications what the reasons for the enormous 

resource consumption in the analysis step of the EQ development are and how in the 

future the use of time and costs can be reduced in order to make EQs more practicable in 

Germany.  

3. Materials and methods 

In this study, we summarize how EQs deal with the initial analysis of city districts 

and identify strengths and weaknesses as well as potential improvements of these 

approaches.  

For this, we work with information that we gain from the comprehensive database 

of existing EQ reports. We first search for publicly available EQ reports in Google, 

Google Scholar, and on official websites of German municipalities and of local energy 

agencies. The reports we find, we sort according to their year of publication, the 

geographical location, and size of the investigated district. For this study we selected 25 

EQ reports that attempt to balance the distribution of these three characteristics. We 

preference districts with a heterogeneous building stock, as a large diversity of buildings 

complicates analysis on district scale. The building stock heterogeneity includes the 

aesthetic, physical, and thermal quality of buildings with features like year of 

construction, building materials, size, restoration and maintenance quality including 

quality of thermal building envelopes, as well as heating systems and energy sources. 

There is also a broad heterogeneity of usage. Besides housing, most urban districts also 

include public buildings, such as schools or hospitals, and commercial buildings, such as 

offices, stores/trades, and different forms of handicraft and industry. In addition, we 

ensure that the reports are detailed enough to obtain information on the applied 

building analysis approaches.  

When studying the selected EQ reports, we first examine the role of residential and 

non-residential buildings in the analysis of the district’s building stocks. We look for 

information in the reports on whether the EQs differentiate between residential and non-

residential buildings and whether special approaches are used for the analysis of non-

residential buildings. We summarize all approaches mentioned in the reports for the 

acquisition of building data and the energy analysis of buildings on district scale. To 

investigate strengths, weaknesses, and potential improvements of building analysis 

approaches on district scale, we provide short SWOT 7  analyses for each approach 

mentioned in the studied reports. In this context we consider strengths as enhancers of 

an effective and efficient building energy analysis and weaknesses as inhibitors leading 

to high costs, analysis times, and inaccurate results of a building energy analysis.  

 

7 SWOT: Strengths, Weaknesses, Opportunities, and Threats 
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Opportunities are possible ways of mitigating weaknesses. Threats are risks having to be 

considered when improving analysis approaches. To find strengths and weaknesses, we 

extract know-how from the experiences described in the 25 EQ reports on the used 

building analysis approaches and point out opportunities and threats.  

All results in Section 4 rely exclusively on information extracted from the analysis 

of the 25 EQ reports. Additional literature used for more precise explanations is 

explicitly indicated. 

The research approach of this study is illustrated and summarized in the flowchart 

in Figure 2. 

 

 

 

 

 

 

 

Figure 2. Flowchart for the study design 

4. Review results 

4.1. Database 

Of the existing 850 German EQs as of 2019 [14], we found around 50 publicly 

accessible EQ reports that were published between 2013 and 2018 and do not violate 

data protection requirements. During our investigation, we could not find any reports 

published before 2013. All EQs fulfill the German “standards” (funding requirements of 

the KfW bank) and thus follow the same structure as described in Section 1. Of these 50 

EQ reports, we selected 25 reports that correspond to as balanced a distribution as 

possible of the characteristics outlined in the beginning of Section 3, namely the 

geographical, temporal, and district size features of the considered districts (Figure 3, 

Figure 4, and Figure 5).  

Since an EQ is often developed by local or regional stakeholders, such as local 

energy agencies, the selection process of the reviewed EQs was designed to cover as best 

as possible all federal states of Germany. Except for the federal states of Bremen, Saxony-

Anhalt, and Mecklenburg-Western Pomerania, we found publicly accessible reports in 

all states. We selected a widespread geographical distribution of the considered EQs 

between Northern and Southern Germany as well as laterally and of districts of different 

sizes. The sizes of the districts’ covered areas vary between 4.6 ha and 235.5 ha, with an 

approximately balanced distribution between the sizes in the range between 4.6 ha and 

100 ha, excluding two large outliers with 173 ha and 235.5 ha (Figure 5a). The number of 

district inhabitants varies between 393 and 12,440 with an approximately balanced 

distribution in the range of 393 to 8,900, excluding a slightly larger outlier with 12,440 

(Figure 5b). The number of considered buildings in the reviewed EQs varies between 20 

and 1,135, with an approximately balanced distribution in the range of 20 to 900, 

excluding one outlier with 1,135 (Figure 5c).  

A detailed overview of the considered EQ reports shows information about the area 

size, number of inhabitants, and number of buildings (Table 1). 
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Figure 3. Number of reviewed and analyzed EQs according to their years of issue in the period of 

2013 to 2018 

 

Figure 4. Distribution of selected and reviewed EQs in Germany (created with Google Maps [26]) 

 

Figure 5. Selected and reviewed EQs sorted according to their characteristics of the considered 

EQs in ascending order: (a) Size of the district area, (b) Number of citizens, (c) Number of 

buildings in the district 

  

4 4 4 

5 

1 

7 

2013 2014 2015 2016 2017 2018 

Number of EQs 



 8 of 22 
 

 

Table 1. Overview of the considered plans for the energy improvement of districts (EQ) with 

Information about the area size, number of inhabitants, and number of buildings 

District Municipality State Year 
Area 

[ha] 

Inhabitants 

[#] 

Buildings 

[#] 

Area- 

related 

population  

density 

[inhabitants/ 

ha] 

Building- 

related 

population 

density  

[inhabitants/ 

building] 

Area-

related  

building  

density 

[buildings/ 

ha] 

Remarks 

Altchemnitz Chemnitz Saxony 2018 80 6003 460 75 13.1 5.8 *** [27] 

Eichkamp und 

Heerstr 
Berlin Berlin 2016 60 3090 767 51.5 4 12.8 * [28] 

Engeo Bremervörde Lower Saxony 2014 50 1272 350 25.4 3.6 7 ** [29] 

Gartenberg Sömmerda Thuringia 2013 37 894 320 24.2 2.8 8.6 [30] 

Gibitzenhof Nuremberg Bavaria 2018 79 12440 800 157.5 15.6 10.1 ** [31] 

Hainholz Hannover Lower Saxony 2015 173 6821 850 39.4 8 4.9 ** [32] 

Hillscheid 
Höhr-

Grenzhausen 

Rhineland-

Palatinate 
2014 47 1312 500 27.9 2.6 10.6 ** [33] 

Historische 

Innenstadt 
Neuruppin Brandenburg 2015 100 4933 900 49.3 5.5 9 [34] 

Innenstadt 
Nord 

Völkingen 
Saarland 2017 32 3600 618 112.5 5.8 19.3 [35] 

Innenstadt Geldern 
North Rhine-

Westphalia  
2016 40 2208 609 55.2 3.6 15.2 * [36] 

Innenstadt Baunatal Hessen 2016 50 3450 285 69 12.1 5.7 [37] 

Lerchenberg Mainz 
Rhineland-

Palatinate 
2014 235.5 6305 1135 26.8 5.6 4.8 [38] 

Moabit-West Berlin Berlin 2013 8.3 8900 500 1072.3 17.8 60.2 ** [39] 

Mollerstadt Darmstadt Hessen 2013 30 3500 325 116.7 10.8 10.8 [40] 

Nettersheim Nettersheim 
North Rhine-

Westphalia  
2018 50 393 155 7.9 2.5 3.1 * [41] 

Neue Mitte 
Grenzach-

Whylen 

Baden-

Württemberg 
2018 90 1431 163 15.9 8.8 1.8 [42] 

Neumünden 

Fuldablick 
Hann Münden Lower Saxony 2018 52 1609 350 30.9 4.6 6.7 [43] 

Nörd. Festplatz 
Mörfelden-

Walldorf 
Hessen 2015 32.4 1157 176 35.7 6.6 5.4 [44] 

Ostrow Cottbus Brandenburg 2016 40 1192 167 29.8 7.1 4.2 [45] 

Schilksee Kiel 
Schleswig-

Holstein 
2018 8 5907 20 738.4 295.4 2.5 ** [46] 

südöstliches 

Eisendorf und 

Bremerstr  

Hamburg Hamburg 2018 58 7800 600 134.5 13 10.3 [47] 

Unsere Stadt Altensteig 
Baden-

Württemberg 
2016 22 616 162 28 3.8 7.4 * [48] 

Weinberg-

Dichterviertel 
Roßleben Thuringia 2015 28 1152 101 41.1 11.4 3.6 [49] 

Wengenviertel Ulm 
Baden-

Württemberg 
2013 4.6 480 60 104.3 8 13 ** [50] 

Weststadt Steinheim 
Baden-

Württemberg 
2014 45 1400 349 31.1 4 7.8 [51] 

Data sources: 

(-): data explicitly mentioned in the EQ reports  

*: area size approximately calculated with Google Maps [26],  

**: number of buildings approximately estimated on the basis of maps shown in the EQ reports;  

***: number of inhabitants in 2016 according to information by the city of Chemnitz and its districts [52] 
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4.2. Study of applied building analysis approaches 

4.2.1.Preliminary remarks for dealing with residential and nonresidential buildings 

The studied EQ reports refer to districts that have mixed types of buildings with a 

large share of residential buildings, as well as nonresidential buildings such as 

commerce, offices, industry, and schools. In the initial analysis, the majority of 16 EQs 

focus almost exclusively or exclusively on residential buildings. Seven EQs consider the 

analysis of residential and nonresidential buildings in the reports equally or in a close to 

equal way. Only two EQs put nonresidential buildings in the focus of the analysis.  

With regard to different building types, 15 EQ reports describe the use of analysis 

tools that differ from the standard analysis tools which are especially suitable for 

residential buildings described in the following subsection (4.2.2). These differing tools 

are, for example, transferable industrial value estimates, comparative values for 

nonresidential buildings of the German energy saving guideline 

(Energieeinsparverordnung, EnEV), or other scientific indicators for nonresidential 

buildings. For public buildings, ten EQs work with consumption data and building 

information collected and provided by municipalities.  

An overview of this subsection on the single EQ reports is summarized in the 

Appendix Table 3. 

4.2.2.Overview of building analysis approaches 

In the 25 EQ reports, ten approaches for analyzing buildings on district scale are 

mentioned (Figure 6).  

19 EQs describe on-site inspections to analyze the considered area and buildings. 

This involves recording basic building information such as the size dimensions of 

buildings, along with structural conditions of buildings such as the visible thermal 

quality of building envelopes or of individual envelope components. In most cases, on-

site inspections are limited exclusively to inspections from the outdoor perspective. Also 

concerning the inspection of buildings from the outside (envelope qualities and size 

dimensions), eight EQs work with aerial images from Google Maps or other image data 

providers. 

19 EQs work with consumption data obtained from the local network operator for 

heating (gas, district heating). Nine EQs mention the possibility of working with data 

from the district chimney sweep association. These datasets often contain additional 

information on the age of heating systems that are mentioned in some EQ reports. 

Another way of collecting real consumption data is to work with citizen surveys, which 

are performed in 19 EQ reports. Some survey sheets are provided as additional material 

in the EQ reports. These surveys not only include questions concerning energy 

consumption data, but also the size and shape of the buildings and their parts, current 

restoration and reconstruction information, the building architecture, the year of 

construction, the energy system and energy source of the building, as well as personal 

data of the building owners and tenants. In the EQs, these data are partly used directly 

and partly for post-survey calculations of the theoretical energy demands of buildings (if 

the consumption values are not specified) and for identification of the structural 

weaknesses of a building. The surveys are usually addressed to the building owners, but 

sometimes also to the tenants. Expert interviews are mentioned in four EQ reports. 

Experts mentioned in the studied EQ reports are for example important stakeholders in 

a district with a large property portfolio or stakeholders who combine building 

knowledge with local knowledge, such as local planning offices. 

In order to calculate the theoretical demand for the heating of buildings, 21 EQs use 

existing or self-made building typologies and standard energy demand values per 

occupant, residential unit, building, or square meter heated area. The use of building 

typologies is the most common analysis approach across all studied EQ reports. 

Typologies define representative buildings for specific years of construction, 

refurbishment statuses, as well as form and design characteristics. The theoretical 
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thermal energy demand for such representative buildings can be derived in relation to 

parameters such as the building size (mostly depending on the number of floors, the 

number of residential units, and the living area size). A popular building typology for 

the German building stock named TABULA combines the fields of housing and urban 

development with energy efficiency and climate protection [53].  

17 EQs work with information from building-related data sources and documents, 

often stored in GIS formats. Such databases are monument protection documents, 

energy performance certificates, construction files, development plans, real estate 

registers, or other databases such as destruction maps from World War II or previous 

energy analyses of buildings. To detect the structural weaknesses of a building envelope, 

four EQs work with thermal images of buildings from the inside and/or outside.  

A holistic approach is the analysis of homogeneous sub-districts. This approach is 

mentioned in six EQ reports. The entire district can be divided into homogeneous small 

areas, for which individual representative buildings are then analyzed.  

An overview of this subsection on the single EQ reports is summarized in the 

Appendix in Table 4. 

 

Figure 6. Frequency of used analysis approaches in the studied EQs 

4.2.3. Evaluation of common analysis approaches in EQs 

The advantage of building typologies is that they do not need much specific data or 

detailed calculations for each individual building to approximate the energy demand of 

a whole building stock [e.g. 47, p. 24]. For a very heterogeneous building stock, however, 

the limited number of building classes in a typology can lead to a problematic 

simplification. For example, the EQ report of Nord Völkingen criticizes the most 

frequently used TABULA typology. It states that the building classes of the typology, 

which are based on the year of construction, allow only limited conclusions about the 

current thermal quality of a building. Neither retrofits and reconstructions nor 

extensions of buildings are included in the cataloging [35, p. 21]. The extent to which the 

use of building typologies leads to a false description of the building stock depends on 

the used typology and the difference between real buildings and building class 

typologies. Better analysis results can be achieved with the detailing and expansion of 

typologies, with the trade-off of increased analysis effort. 

On-site inspections can consider the individuality of each building and the 

heterogeneity of districts. Inspections are particularly suitable for analyzing complex 

and highly specific buildings with significant energy consumption. In Nuremberg, a 

production plant [31, p. 74] and in Hannover, important architectural monuments [32, p. 

45] are on-site-inspected in depth. The more detailed on-site inspections are, the more 

complex they become which is why they can often not be carried out for a whole district. 

For example, Hamburg’s EQ report states that a detailed inspection of all buildings in 

the district (over 500) would have required a considerable amount of time (the amount 

21 

19 

19 

19 

17 

9 

8 

6 

4 

4 

Building typologies 

On-site inspections 

Citizen surveys 

Data from the network operator 

Building-related data bases 

Data from the chimney sweep 

Aerial images 

Analyzing homogeneous sub-districts 

Thermographic images 

Expert interviews 

Number of EQ reports mentioning analysis approach 



 11 of 22 
 

 

of time is not specified in the report). Thus, they just limited on-site inspections to the 

documentation of a few criteria [47, p.30]. The accessibility of properties is also usually 

limited due to property rights. Inspections are therefore often limited to the perspective 

from the street if no agreements have been arranged with building owners and tenants 

beforehand [37, p. 49]. In order to keep the inspection effort of a district low, inspections 

can only be limited to special buildings that are difficult to analyze with other 

approaches. 

To detect structural weaknesses of building envelopes in detail, thermal images of 

buildings provide timely and high-quality information. As part of on-site inspections 

these are usually also just recorded for individual complex buildings and/or limited to 

the street perspective. The analysis of roofs from the ground perspective is often limited 

by conventional thermographic recordings [28, p. 33]. For the EQ of Cottbus, for 

example, aerial thermographic images are taken into account [45]. 

Aerial images from providers like Google are easily accessible and can be used to 

supplement missing information from on-site inspections [40, p. 51]. All sides of the 

buildings and roofs are visible. Nevertheless, in contrast to on-site inspections, up to 

date images and high image quality are not always available. 

In order to increase the quality and timeliness of aerial images, and to extend 

inspections and thermographs to all building perspectives, drones could be used in the 

future. With programmed flight routes and automated image processing, the effort of 

collecting high-resolution and timely drone images would be manageable. Nevertheless, 

data protection must be taken into account when recording images with high resolution. 

Citizen surveys allow responding to the heterogeneity of buildings in a district and 

can also be used to collect information about the heating technology of buildings. 

However, problems arise in the activation of participants at the beginning and during 

the EQ development. Different response rates have shown that not all EQs have been 

successful with activating participants. Ten of the 19 EQs describe the response rate of 

surveys in more detail. They state response rates between 3% up to a peak value of 50%.8 

Potential reasons for the different rates are not explained in the reports. Another 

possible obstacle for the use of questionnaires is that building owners and tenants need 

to be well informed about their buildings. In some cases, the questionnaires ask very 

detailed information concerning the thermal quality of buildings and use technical 

terms. For example, the survey of Altensteig asks for the wattage of the heating system 

and the thickness of building components such as the floor slab [48, p.109]. Another 

citizen survey in Chemnitz asked for the usable building area (“Nutzfläche”9) [27]. It is 

unlikely that all participants have sufficient knowledge to answer such questionnaires 

correctly and in a consistent way. A simplification of questionnaires could increase the 

response rate and the correctness of information, but it is questionable to what extent 

simplified surveys are helpful for a meaningful analysis. 

Like surveys, expert interviews can also provide detailed information. Compared to 

surveys, more detailed, extensive, and targeted questions are possible in direct 

interviews. However, organizing and conducting expert interviews can require 

significant effort. Therefore, they can be seen as a targeted supplement to information 

gaps [35, p. 41].  

 

8 Response rates of citizen surveys: Ulm (Wengenviertel): 50%, Höhr-Grenzhausen (Hillscheid): 50%,  Steinheim 

(Weststadt): 43%,  Grenzach-Whylen (Neue Mitte): 42%, Berlin (Eichkamp und Heerstr.): 25%, Hannover (Hainholz): 

15%, Chemnitz (Altchemnitz): 13%, Nord Völkingen (Innenstadt): 12%, Hann Münden (Neumünden Fuldablick): 3% 

9 The “Nutzfläche” of a building is the proportion of the floor area that is used in accordance with its intended pur-

pose. Traffic areas (e.g. entrances, stairwells, lifts, corridors) and functional areas (heating room, machine rooms, 

technical operating rooms) are not included in the usable area [54]. 
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Data provided by network operators and chimney sweeps have the same strengths 

and weaknesses. These data can have a high value for the analysis of individual 

heterogeneous buildings, they provide an indication of the thermal quality of a building 

without further building information. However, these approaches bring up the topic of 

data protection. In many districts, network operators and chimney sweep associations 

do not cooperate or just provide incomplete data about heating technologies and/or 

consumption data. Usually, suppliers in Germany are only allowed to provide 

consumption data on an aggregated scale like from distribution points at street level, 

building block level, or just for the whole district [43, p. 21; 40, p. 56; 27, p. 36; 36, p. 10]. 

Due to the high aggregation levels of data on block or street levels, statements for 

individual buildings become difficult if buildings within the aggregation differ from one 

another. A relaxation of data protection guidelines could be helpful for scientific or EQ 

development purposes, but conflicts with individual data rights and the developers of 

EQs have no influence on this. Furthermore, aggregated consumption data does not 

provide any information on the reason for energy consumption. High consumption can 

be attributed either to the thermal weaknesses of the building or to specific user 

behavior. Thus, the comparability of consumption data with calculated demand values 

must be taken into account when comparing different analysis approaches. Experience 

mentioned in the EQ report of Darmstadt has shown that consumption in buildings with 

poor energy performance is usually lower than the calculated energy demand, as people 

seem to be aware of it and aim to save heating costs [40, p. 68]. 

Building-related databases have the advantage that they are usually already 

available to EQ developers and do not have to be collected separately for the EQ 

development. However, the data is often not up-to-date due to the high effort of 

maintaining databases [45, p. 132]. Generalizable statements about the data quality of 

such databases are also difficult. The quality of data varies a lot between different 

sources and can only be checked in each individual case. When integrating various 

sources, problems with different standards and calculation databases can arise. 

Municipalities should have an interest in using uniform formats and standards for all 

processes and documentations. The goal to standardize data formats for a better 

integration and the reuse of data is, for example, explicitly mentioned in the EQ report of 

Cottbus [45, p. 139].  

The holistic approach to define and then analyze homogeneous sub-districts of a 

district simplifies the analysis of complex heterogeneous structures. In the EQ report of 

Baunatal, neighboring buildings with a similar structure were clustered. Individual 

clusters were examined independently and with specific approaches (e.g. different 

approaches and responsibilities for residential and commercial clusters) [37, p. 50]. The 

division into homogeneous sub-districts can be very detailed, for example in Hann 

Münden with 37 clusters [43, p. 29]. The division into homogeneous sub-districts does 

not always make sense and depends highly on the degree of heterogeneity and the 

layout of a district.  

Table 2 summarizes the described strengths, weaknesses, opportunities, and threats 

of the common district analysis approaches. 
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Table 2. SWOT analyses for common thermal analysis approaches for buildings on district scale 

Building typologies:  

Strengths (+): Small amount of data required to model many different kinds of buildings; Suitable for homogeneous buildings with properties in 

accordance with common typological characteristics and few special design features 

Weaknesses (-):  Simplification of the approach makes it difficult to include all kinds of specific characteristics of buildings like extensions and 

retrofit modifications 

Opportunities (↑): Typologies with many modifications and options to take into account many specific characteristics of buildings and the consid-

ered district 

Threats (↓): The advantage of small effort due to the simplicity of the approach can be lost with too many modifications and options to include 

specific characteristics of buildings 

On-site inspections: 

Strengths (+): Any kind of specific characteristic of buildings can be taken into account 

Weaknesses (-): Property rights restrict the access and visibility of buildings and building parts 

Opportunities (↑): Limitation of detailed inspections to special buildings which are difficult to determine with other analytical approaches 

Threats (↓): High efforts for the EQ developers which increase when asking stakeholders for cooperation and access 

Terrestrial thermographic images:  

Strengths (+): Provide detailed information on the thermal quality of building envelopes 

Weaknesses (-): High effort; For images from the inside, cooperation with building stakeholders is necessary 

Opportunities (↑): New technologies like drones can help to collect images of many buildings from the outside with lower effort  

Threats (↓): Thermographic images only from the outside provide less information than detailed thermographic analyses; Lower image qualities 

due to a higher distance between the camera and buildings when using drones 

Aerial photographic images:  

Strengths (+): Inspections from all sides are possible with less effort than in the case of on-site inspections 

Weaknesses (-): Aerial satellite images have a too low resolution to see details; Partly outdated databases  

Opportunities (↑): New technologies like drones can help to collect aerial images with a high quality and timeliness  

Threats (↓): Collecting images of buildings with a high resolution could be a problem for data protection and privacy; Increased effort in collecting 

data compared to existing databases 

Citizen surveys: 

Strengths (+): Any kind of specific characteristic of buildings can be taken into account 

Weaknesses (-): Difficulties of motivating stakeholders to participate in surveys; stakeholders should be well informed about their buildings and 

technically understand the questions asked 

Opportunities (↑): Social science research can provide better strategies for motivating stakeholders to participate; Development of simple and easily 

understandable surveys 

Threats (↓): Increasing effort to activate stakeholders; Too simple surveys do not provide good data 

Expert interviews: 

Strengths (+): Targeted, extensive, and detailed questions are possible 

Weaknesses (-): High effort for organizing and conducting high-quality expert interviews 

Opportunities (↑): Focusing on the possibility to complement specific missing information 

Threats (↓): Depending on the availability, willingness to cooperate and quality of experts in individual districts 
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Data from network operators and chimney sweeps:  

Strengths (+): Simple indicator of the thermal quality of a building without many further building data 

Weaknesses (-): Data protection regulations prevent building-specific use of data; Limited comparability of consumption data and calculated ener-

gy needs; Network operators must be willing to cooperate 

Opportunities (↑): Relaxed data protection regulations for research purposes can increase the quality of available data 

Threats (↓): The willingness of network operators to cooperate and the relaxation of data protection conditions are difficult to influence by EQ 

developers; Individual data rights conflict with relaxed data protection requirements 

Building-related databases:  

Strengths (+): No additional effort of data collection if data sources already exist 

Weaknesses (-): Depending on the quality of the individual database 

Opportunities (↑): Uniform data standards across different data sources simplify cross-project data processing also for EQs 

Threats (↓): The effort/possibility for the unification of data depends on the individual processes of municipalities 

Analyzing homogeneous sub-districts: 

Strengths (+): Simplifies the analysis of heterogeneous structures 

Weaknesses (-): Not suitable for very heterogeneous districts; Practicability depending on the district layout 

Opportunities (↑): Smaller sub-districts for more detailed analysis results; Clustering only for very homogeneous parts of the district 

Threats (↓): A greater level of detail increasingly reduces the benefit of this approach 

5. Results and discussion 

In order to answer the research questions of our work and investigate current 

building analysis approaches on district scale, their strengths, weaknesses, and potential 

for improvement, our most important findings based on the analysis of 25 EQ reports 

are: 

• Currently ten analysis approaches for the thermal quality of buildings in a 

district are frequently used in EQ practice. The most frequently applied approaches in 

our study for obtaining data for building analyses are: the use of representative building 

typologies, on-site inspections of buildings, datasets from network-operators and citizen 

surveys. Overall, we could not find any connection between the year of the publication 

of the EQ report and the type and quantity of analysis approaches used. We compared 

the approaches used for all newer EQs (2016-2018) and older EQs (2013-2015) and did 

not identify any significant differences in this regard. Furthermore, we could not find a 

connection between the size of the districts and the types of the used approaches. 

•  In order to compensate for weaknesses in the individual analysis approaches, 

EQs commonly rely on a combination of multiple approaches and accept deficits in the 

analysis. There are approaches that are well suited for the analysis of buildings with 

typical and recurring characteristics such as the use of building typologies and the 

analysis of homogeneous sub-districts. Other, more resource-intensive approaches are 

suitable for the detailed analysis of buildings that are individual in their design and use, 

such as expert interviews or thermography. For practical purposes, detailed analyses 

should only be carried out for special buildings without reference values and large 

energy consumers in a district. In addition, there are approaches that are generally 

suitable for obtaining building data, such as the use of existing building databases, 

energy consumption values from municipal utilities or chimney sweep associations, and 

the use of aerial photographs to measure building and component dimensions.  

• Current analysis approaches for districts are resource-intensive and 

complicated for many reasons. Existing databases including information on the thermal 

quality of buildings are often subject to strict data protection requirements and not 

always accessible. Well-informed and participating building stakeholders are needed for 

data collection at early stages of the EQ development. Different file formats make it 
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difficult to combine different data sources, and for adequately modeling buildings (e.g. 

according to building typologies) lots of data is necessary. The more precise and usable 

analysis results should be, the more complex the data acquisition becomes. 

• To improve building analyses on district scale for the development of EQs to 

make them faster, cheaper, and more accurate in the future, we see a need for action in 

two main areas: (1) the research and further development of existing approaches, and (2) 

the improvement of legal and organizational framework conditions at the state and 

municipality level.  

Research to improve analytical approaches can lead to better analysis tools such as 

more detailed building typologies, but should consider the trade-off between better 

results and more complex analyses or data demand. In some cases, new technologies 

offer the possibility of improvement without additional effort, such as the use of drones 

to obtain thermographic aerial images of buildings and automated image 

processing/assessment or other data analytics approaches.   

Further improvement of such approaches is also dependent on external factors that 

cannot be influenced by EQ developers, but by state governments and municipalities, 

such as relaxed data protection guidelines for energy consumption data from network 

operators and chimney sweep associations. Governments that want to push energy 

retrofits on district scale already (e.g. Germany) or pondering introducing retrofit plans 

on district scale (e.g. China) could rethink data protection standards for research 

purposes. Also, the inconsistency of data formats of existing databases in municipalities 

(e.g. of property land registers, monument protection catalogs, district heating maps) 

hampers exchanges between individual databases and complicates analysis processes of 

districts. Uniform data structures and/or open-source software in administrations is a 

necessity for simple data processing in future. 

We also note a distinct lack of uniform standards regarding the procedure for 

developing EQs and the structure of reports, complicating the comparability of the 

results of different EQ reports. In Germany, clear instructions should be defined in the 

KfW funding conditions for this purpose regarding a clear and uniform presentation of 

the results of the initial analysis of buildings in EQ reports. It should contain information 

on basic characteristics of the district, such as the number of residents, the number of 

residential units, the number of owners, the energy demand/energy consumption of the 

entire district and the individual buildings and the types of heating systems used. It 

should be shown clearly and transparently how the energy requirements of the 

individual buildings and the district were calculated, and, if possible, a uniform method 

should be chosen for all EQs.  

Finally, we would like to discuss possible criticisms of our research approach:  

First, the major drawback of this study is the limited availability and the limited 

number of studied EQs. Like all literature-based research, we cannot guarantee to have 

identified all relevant publicly available EQ reports as well as all strengths or 

weaknesses in the analysis. However, with our analysis we provide a first comparative 

insight into these reports. Seeing 850 EQ as the population, 63 randomly sampled EQs 

would have been a representative sample (with confidence level: 90%, margin error: 

10%). However, as the analysis of EQ reports is very complex and we only found around 

50 publicly available EQ reports in our extensive research, we studied a sample of 25 

appropriate reports taking into account as best as possible a mix of size, geographical 

aspects, and year of publication. We see this method as suitable and regard the added 

benefit of examining a higher number of EQ reports as small for answering our research 

questions. With a higher number of analyzed EQ reports the results about the frequency 

of applied analysis approaches would, however, become more reliable. 

Second, we would like to point out that we used only published EQ reports as the 

basis for our research approach. To a large extent, the information provided in the 25 

analyzed EQ reports regarding the used analysis approaches is not detailed. EQ reports 

focus more on the presentation of the analysis results and less on the procedure or 
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quality of used approaches. We also see that the analysis of the initial state of a district is 

often not a structurally delimited unit in the reports and sometimes merges into other 

parts of the EQ, such as the sections for the action plan or for the public participation 

process. This makes it more difficult to identify the used approaches and to analyze how 

they are implemented in the individual EQs.  

Third, we want to emphasize that there are ways for improving the methodology of 

our SWOT analyses. For more results with further details of the SWOT analyses, expert 

interviews with the developers of EQs, such as local energy agencies, would be suitable. 

The use of supplementary literature, e.g. scientific publications on building typologies or 

guidelines for creating expert interviews for EQs, would also be beneficial and provide 

additional information. 

Nevertheless, we believe that our study was able to identify the main analysis 

approaches used in practice in Germany to gain information on the thermal quality of 

buildings on district scale and gave insight into some of their essential shortcomings, 

and strengths for the development of EQs.  

6. Conclusions 

The district scale (neighborhood/ community scale) has many advantages for the 

energy retrofit of buildings. It does not focus on buildings as individual, independent 

objects, but rather in their urban context. In this way, for example, local social dynamics 

can be specifically addressed when motivating building stakeholders in the planning 

and implementation of retrofit measures. Economies of scale can be realized when 

retrofitting many buildings in a small area at the same time, while the district scale is 

smaller and easier to coordinate than the higher-level city scale. We thus expect that the 

district scale will gain in importance in the next years worldwide. 

In Germany, the development and implementation of EQs is already a popular 

instrument for decreasing and decarbonizing the energy consumption of existing 

buildings in urban areas, and is readily funded by the German government. EQs have 

been very frequently applied already and EQ reports are documented for each 

individual district. However, a holistic and comprehensive evaluation of the long-term 

benefits of EQs after the implementation of developed measures with regard to 

ecological, social, and emission-related criteria has been lacking so far in research. It is 

necessary for urban policy makers to invest high costs and effort for analysing buildings 

and developing appropriate retrofit strategies for whole districts. The actual 

participation of the various different district stakeholders in the implementation process, 

however, is essential for the success of EQs and cannot be precisely quantified in the 

planning process. 

To reduce the time and costs of retrofit plans on district scale we have identified a 

need for more research in the field of energy building analysis. We see our work as a 

basic overview of current building analysis on district scale with the intention of 

motivating further research in this field, especially to develop energy improvement 

strategies in urban areas.  

With regard to EQs, we see a need for action for standardizations in Germany on 

the national level. To deal with different forms of buildings, uniform guidelines (both in 

data collection, assessment, and reference values) would be beneficial for analyses on 

district scale and lead to a better comparability of EQ report analysis and 

implementation results. 
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Appendix 

Table 3. Overview for dealing with residential and nonresidential buildings (1: used in EQ, 0: not 

used in EQ) 

District  

Specific analysis tools 

for nonresidential 

buildings 

Data of public buildings 

from local administration 

Focus on residential 

buildings 

Focus roughly equally 

on residential and 

nonresidential build-

ings 

Focus on nonresiden-

tial buildings 

Eichkamp und 

Heerstr 
Berlin 0 0 1 0 0 

Moabit-West Berlin 1 0 0 0 1 

Ostrow Cottbus 0 0 1 0 0 

Historische 

Innenstadt 
Neuruppin 0 0 1 0 0 

sö Eisendorf und 

Bremerstr 
Hamburg 1 1 1 0 0 

Mollerstadt Darmstadt 1 0 0 1 0 

Innenstadt Baunatal 1 0 1 0 0 

Nettersheim Nettersheim 0 1 1 0 0 

Altchemnitz Chemnitz 1 0 0 1 0 

Neumünden 

Fuldablick 
Hann Münden 1 0 1 0 0 

Innenstadt Nord Völkingen 1 0 1 0 0 

Gartenberg Sömmerda 0 0 1 0 0 

Enego Bremervörde 0 1 1 0 0 

Schilksee Kiel 0 1 0 1 0 

Lerchenberg Mainz 1 1 1 0 0 

Gibitzenhof Nuremberg 1 1 0 0 1 

Weststadt Steinheim 1 0 0 1 0 

Wengenviertel Ulm 0 0 1 0 0 

Neue Mitte Grenzach-Whylen 0 1 1 0 0 

Unsere Stadt Altensteig 1 1 0 1 0 

Innenstadt Geldern 0 0 1 0 0 

Nörd. Festplatz Mörfelden-Walldorf 1 1 0 1 0 

Weinberg-

Dichterviertel 
Roßleben 1 0 1 0 0 

Hainholz Hannover 1 0 0 1 0 

Hillscheid Höhr-Grenzhausen 1 1 1 0 0 

 Total 15 10 16 7 2 
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Table 4. Overview for analysis approaches for the building stock (1: used in EQ, 0: not used in EQ) 

District  
Building 

typologies 

On-site 

inspections 

Citizen 

surveys 

Data from 

the network 

operator 

Building-

related 

databases 

Data from 

the chim-

ney sweep 

Aerial 

images 

Analyzing 

homogeneous 

sub-districts 

Thermographic 

images 

Expert 

interviews 

Eichkamp und 

Heerstr 
Berlin 1 0 1 0 1 0 0 0 1 0 

Moabit-West Berlin 0 0 1 1 1 0 1 0 0 0 

Ostrow Cottbus 1 1 1 1 1 0 1 0 1 0 

Historische 

Innenstadt 
Neuruppin 1 0 0 1 0 0 0 1 0 0 

sö Eisendorf 

und Bremerstr 
Hamburg 1 1 0 1 1 0 0 0 0 0 

Mollerstadt Darmstadt 1 1 1 1 1 0 1 0 0 0 

Innenstadt Baunatal 1 1 1 0 0 0 1 1 0 0 

Nettersheim Nettersheim 1 1 0 1 1 0 1 0 0 0 

Altchemnitz Chemnitz 0 1 1 1 0 1 0 0 0 0 

Neumünden 

Fuldablick 

Hann Mün-

den 
1 1 1 1 1 0 1 0 0 0 

Innenstadt 
Nord Völk-

ingen 
0 1 1 1 0 1 0 0 0 1 

Gartenberg Sömmerda 1 1 1 1 0 1 0 0 1 0 

Enego Bremervörde 1 0 1 1 0 0 0 0 0 0 

Schilksee Kiel 1 1 0 0 1 0 0 0 0 0 

Lerchenberg Mainz 1 1 1 1 1 1 1 0 0 0 

Gibitzenhof Nuremberg 1 1 1 1 1 0 0 0 0 1 

Weststadt Steinheim 1 1 1 1 0 1 0 0 0 0 

Wengenviertel Ulm 0 0 1 1 0 0 0 0 0 0 

Neue Mitte 
Grenzach-

Whylen 
1 1 1 0 1 0 0 0 0 0 

Unsere Stadt Altensteig 1 1 1 0 1 0 0 0 0 1 

Innenstadt Geldern 1 1 1 1 1 0 0 1 0 1 

Nörd. Fest-

platz 

Mörfelden-

Walldorf 
1 0 0 1 1 1 0 1 1 0 

Weinberg-

Dichterviertel 
Roßleben 1 1 1 0 1 1 1 0 0 0 

Hainholz Hannover 1 1 0 1 1 1 0 1 0 0 

Hillscheid 
Höhr-

Grenzhausen 
1 1 1 1 1 1 0 1 0 0 

 Total 21 19 19 19 17 9 8 6 4 4 
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Abstract.  Thermography is commonly used for auditing buildings. Classical manual terrestrial 

thermography records images of individual buildings at a short distance. When auditing a large 

number of buildings (e.g. whole city districts) this approach reaches its limits. Using drones 

with thermographic cameras allows images to be recorded automatically from different angles, 

with faster speed and without violating property rights. However, an airborne camera has a 

significantly greater distance and more varied angles to a building compared to terrestrial 

thermography. To investigate the influence of these factors for building auditing, we perform a 

study evaluating seven different drone settings of varying flight speed, angle, and altitude. A 

comparison is drawn to manually recorded terrestrial thermographic images. While we find 

that a flight speed between 1m/s and 3m/s does not influence the thermographic quality, high 

flight altitudes and steep viewing angles lead to a significant reduction of visible details, 

contrast, and to falsified temperatures. A flight altitude of 12m over buildings is found to be 

the most suitable for the qualitative and quantitative analysis of rooftops and a qualitative 

analysis of façades. A flight altitude of 42m over buildings can only be used for qualitative 

audits with little detail. 

Keywords: Building audits, aerial thermography, drones, urban areas 

1.   Introduction 

The New Urban Agenda declared by the United Nations in 2016 emphasizes the key role of cities in 

promoting sustainable development and climate protection throughout the building sector [1]. 

Districts, such as communities or neighborhoods, are easier to coordinate than entire cities when 

planning energy retrofitting strategies of multiple buildings at once [2]. Numerous international 

approaches deal with retrofitting buildings on district scale, like Community Energy Strategic 

Planning (USA) [3], Community Energy Planning (Canada) [4], Positive Energy Districts (Europe) [5] 

and “energetische Quartierskonzepte” (Germany) [6]. These approaches are planned and coordinated 

by municipalities in cooperation with institutions like local energy agencies or urban research 

institutions.  

In order to develop a targeted retrofit plan for a whole district, the first step is to document and 

analyze the thermal quality of existing buildings. A well-established, non-invasive tool for such an 

audit is thermography, which can be used to monitor and analyze the condition of building envelopes 

by means of infrared images [7]. Thermographic imaging is capable of identifying thermal weaknesses 

related to heat-, water-, and airflows through the building envelope. Lucchi [8] summarized the 

mailto:zoe.mayer@partner.kit.edu
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different applications of thermography in building auditing, which include the thermal characterization 

of walls, glazing, and windows; thermal bridging and the detection of areas with excessive heat loss; 

the inspection of thermal insulation and air leakages; detecting moisture and water; measuring U-

values; and determining the percentage of the areas with thermal anomalies [8]. 

Classical thermography studies use hand-held cameras on eye-level to obtain thermographic 

images of high quality [8]. However, stationary terrestrial thermography reaches its limits in the 

analysis of entire city districts due to the time-consuming nature of the method where large numbers of 

buildings of various heights are concerned [9]. Additionally, not all components of a building façade 

(such as the roof or upper floors) can be captured properly from the ground [10]. 

Using unmanned aerial vehicles (UAVs), colloq. drones, equipped with thermographic cameras can 

help implement large scale building audits [11]. The image acquisition process can be automated, 

allowing for faster completion at lower costs [12]. It becomes possible to obtain images at different 

angles (not just eye-level) and of high buildings that remain inaccessible via terrestrial thermography. 

Moreover, the thusly acquired images can easily be used to generate 3D models to provide a good 

overview of a whole district [13].  

Nevertheless, only few scientific publications thus far discuss the use of airborne thermography for 

building audits. Entrop and Vasenev [14] provide initial research on the basics and possible flight 

patterns to reduce both time and cost of such a process. They consider a flight distance of between 5m 

and 10m to a building and use a flight speed of 1m/s after finding image quality to be insufficient 

when recorded at 1.5m/s. Although they give instructions on how best to perform building audits via 

UAV-based thermography, they do not specify the means by which thermal image quality is assessed 

[14]. Rakha and Gorodetsky [15] analyze suitable drone flight settings to create thermographic 3D 

models of individual buildings. They investigate different settings such as flight path, image overlap, 

and distance between infrared camera and building. The optimal flight route is found to be a strip 

pattern at a distance of 12m. Suitable altitudes above ground are chosen as 18m, 22m, and 27m – or 

twice the building height – to achieve a high enough overlap for 3D model generation. The authors 

conclude that thermographic drone imagery offers many new possibilities in automating building 

audits owing to its reduced effort and simplified post-processing [15]. Daffara et al. [16] also 

investigate suitable flight settings for the development of thermographic 3D building models. For this, 

they examine a distance of 10m to the building, a maximum height of 8m above the ground, and a 

high image overlap. They highlight the benefit of drone thermography for building energy audits, 

particularly of otherwise inaccessible building parts like rooftops [16]. Most recently, Hou et al. [13] 

explore an approach for thermographic 3D model development of entire city districts using UAVs. 

Different flight patterns such as vertical grid, horizontal grid, and mesh grid, as well as 90° (nadir) and 

45° viewing angles in combination with a high image overlap are analyzed. The authors find that nadir 

flight captures more details on the roof, while a viewing angle of 45° is more suitable for detecting 

façade features [13].  

In summary, there are no studies known to the authors that document quality criteria for 

thermographic images acquired via UAV. We therefore present a structured approach to evaluate 

different flight settings of a UAV-based thermal imager and compare the resulting images to those 

recorded via terrestrial infrared camera. We derive general statements about the quality, benefits, and 

deficits of the individual flight settings for building audits. 

2.   Methods and Materials 

2.1.   Image Dataset 

The dataset used to evaluate the quality of airborne thermography consists of 140 aerial images of two 

German multi-family buildings. Seven different flight settings were implemented, resulting in ten 

images per building and setting. An additional set of 249 thermographic images depicting the same 

buildings were recorded from the ground perspective with a standard handheld camera.  
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Both buildings are located in the Sophienstrasse 195-197 and 201-203 in the medium sized city 

Karlsruhe (Germany), have a height of 18m, and belong to the building stock of the municipal housing 

association Volkswohnung GmbH. Both buildings were constructed in 1957, have 30 and 20 

apartments respectively and are fully rented out.  

Aerial images were acquired using a “DJI Matrice 600” drone equipped with the “Zenmuse XT2”, 
a combination of FLIR’s “Duo Pro R” thermal and RGB camera and DJI’s gimbal [17]. The terrestrial 

images were recorded with a “FLIR T200” hand-held camera [18]. While the latter generates standard 

JPEG images, the UAV camera saves thermal data in FLIR’s proprietary image format RJPEG.  
The thermographic image acquisition took place on January 16th, 2022, from 7pm to 1am. 

Atmospheric temperatures lay between +2° and +3°C with wind speeds of 2 to 11km/h [19]. It was 

cloudy throughout the recording timeframe with a slight drizzle between 9.50pm and 10.20pm. The 

day before exhibited similar weather without any precipitation [20]. The meterological conditions 

present during our study therefore align with the best practice rules for thermography according to 

Fouad and Richter [21]: a sufficiently high temperature difference of at least 15K between in- and 

outdoors was present, assuming the room temperature of these heated residential buildings was given 

as the standard +18°C. The recommended maximum outdoor temperature of +5°C was not surpassed 

and the temperature remained stable for at least 24 hours before image acquisition, ranging from –2°C 

at its lowest to +3°C at its highest [20]. To avoid the effects of solar radiation, image recording was 

performed after sunset on a cloudy day. The wind speed ranged from 1m/s to 6.7m/s, thus preventing a 

considerable change of the heat transfer coefficient. Additionally, no moisture was discernible on 

either rooftops or building façades, ensuring no falsified temperature recordings ensued. Some best 

practice conditions mentioned by Fouad and Richter [21], such as a maximum distance of 20m 

between camera and building and a fixed camera position, are inherently problematic to fulfil in UAV-

based applications. These two aspects require a structured analysis as is performed in this study to 

investigate the effects of both speed and distance on this form of thermography. 

The seven different flight settings of the drone (summerized in Table 1) vary according to viewing 

angle, distance between camera and building, respective distance to the ground, and flight speed. 

During the first three flights, the viewing angle of the thermographic camera was set to 90° (nadir) to 

properly record the building rooftops. The other four flights were acquired at an oblique angle of 45° 

to record the façade. The flight heights were set at 30m (in flights 3, 5 and 7) and 60m (in flights 1, 2, 

4, and 6), which correspond to a distance of 12m and 42m respectively between camera and building. 

Lower flight heights couldn’t be realized on account of nearby obstacles, most commonly trees. In 

practice, a larger distance to the ground is advantageous in terms of flight duration, as an area can be 

covered in a shorter period of time using a wider mesh pattern. The speed was set to 1m/s (in flights 1, 

3, 6 and 7) and 3m/s (in flights 2, 4, and 5) and was based on experiences from other studies [14]. The 

camera emissivity was set to 0.95 during all flights, as suggested by Fouad and Richter [21].  
 

Table 1. Experimental parameters used during UAV-based thermal image acquisition (seven different 

flight settings) 

 Viewing angle 

[°] 

Altitude above ground 

[m] 

Altitude above building 

[m] 

Flight speed 

[m/s] 

Flight 1 90 60 42 1 

Flight 2 90 60 42 3 

Flight 3 90 30 12 1 

Flight 4 45 60 42 3 

Flight 5 45 30 12 3 

Flight 6 45 60 42 1 

Flight 7 45 30 12 1 
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Thermal image acquisition via hand-held terrestrial camera was performed at a distance of 8 m to the 

building. The entire façade was imaged in small segments. Larger distances were not possible owing, 

again, to the presence of obstacles. As before, the emissivity of the camera was set to 0.95 [21].  

To allow a better comparison of all captured thermographic images, we adapted their thermal 

coloring to an uniform temperature range of –8°C to +8°C using FLIR’s Thermal Studio Suite 

software [22]. Figure 1 and 2 show examples of thermal images depicting the same building area, 

acquired via drone and hand-held camera respectively. Flights 1, 2 and 3 show the roof from nadir 

position, flights 4, 5 and 6 display the same façade, while flight 7 depicts the roof. 

 
 

Figure 1. Aerial thermographic images of the building façade in Sophienstrasse 201-203 collected 

with a drone. The blue arrows in tiles (d, e, f) point to the same window as shown in Figure 2. 
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Figure 2. Terrestrial thermographic images recorded via hand-held camera showing the building 

façade in small segments at a distance of 8m. The blue arrow in the tile (e) shows the same window as 

the arrows in Figure 1. 
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2.2.   Image Evaluation Criteria 

We defined quality criteria to compare aerial and terrestrial thermographic images depending on 

motion, distance between camera and building, and the UAVs recording perspective: 

- Motion blur: Motion blur occurs in image recording when the camera is moved during the 

capturing process. It leads to stripe-like, blurred areas in the images, which  complicate the 

detection of thermal anomalies [23]. 

- Contrast: Contrast indicates differences in brightness and color within an image. The smaller an 

object appears on an image, the less contrast the image has, and the more difficult the detection of 

the object – as well as, in this instance, thermal anomalies upon it – becomes [24]. 

- Visability of image details: The visability of details can be influenced by the distance between the 

camera and a building as well as motion effects.³1 

- Perspective: The image perspective indicates which building parts can be recorded by a camera. It 

depends on the objects in the camera’s field of view (e.g. trees), recording distance, and recording 

angle. The angle influences the visability of certain thermal anomalies (e.g. those below eaves) 

and the reflection of infrared radiation (e.g. from windows). 

Besides factors indicating the quality of the images, we defined a quantitative comparative criterium to 

identify thermal differences between terrestrial and aerial acquisition methods: 

- Comparative temperature difference: The comparative temperature difference between the drone 

thermogram and terrestrial thermogram is defined as ∆Tij,kl = Ti,k – Tj,l, where Ti,k is the 

temperature of the central point of a thermal anomaly on a thermographic image. Said image is 

recorded at a distance 𝑖 of 8m (terrestrial), 12m, or 42m to the building, and viewing angle 𝑘 

defined as either t (terrestrial), o (oblique/45°), or n (nadir/90°). The temperature of the same point 

on another thermal image Tj,l is defined by the distance 𝑗 of 8m (terrestrial), 12m, or 42m to the 

building, and the viewing angle 𝑙 – again either t (terrestrial), o (oblique/45°), or n (nadir/90°). 

Every such temperature value is determined using FLIR Thermal Studio’s [22] Spot-function and 

denoted „Sp“ within the image. Since atmospheric air particles absorb infrared radiation, the 

temperature difference arises as a result of varying distances between building and camera. 

Greater distances can therefore distort image measurements. According to Fouad and Richter [21], 

the temperature deviation attributed to these factors is only negligible at distances of up to 20m. 

Another cause for thermal differences is the viewing angle; a steeper angle induces a change in 

emissivity. For angles greater than 60°, the emissivity becomes noticeably smaller and the 

temperature difference larger [21]. Quantifying the comparative temperature difference is 

important to deduce information on the usability of thermographic drone images for applications 

like the calculation of U-values (Section 1). 

2.3.   Image evaluation procedure 

To evaluate the quality of the thermographic drone images, we manually checked all quality criteria 

according to Section 2.2. on the images of our dataset. For this, three examplary building parts were 

selected, which are typically analyzed in thermographic building applications. We picked a window 

(indicated by the arrows in Figure 1 and Figure 2), a thermal anomaly located on the middle of the 

roof of Sophienstrasse 201-203, and a thermal bridge on the roof at the point where the building 

Sophienstrasse 201-203 connects to its neighbor. All three points are shown on exemplary thermal 

images in Figure 3. In total, we analyzed 21 aerial images and 24 terrestrial images in detail.  
 

 
3 Besides physical influences, the visablility of details also depends on the resolution of an image. The UAV-

based thermographic camera model is state-of-the-art and has an even better resolution than the hand-held one. 

The drone camera thus does not lead to a worse visability of details than the hand-held camera (details on the 

camera models are given in Section 2.1.). 
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Figure 3. Three analyzed locations in Sophienstrasse 201-203 marked with blue arrows; (a) a window 

on the backside of the building; (b) a thermal anomaly on the roof near the ridge; (c) a thermal bridge 

below the eaves. 

3.   Results  

For the analyzed dataset described in Section 2.1, we found the following results when considering the 

quality criteria defined in Section 2.2: 

- Motion blur: In our dataset, none of the thermographic images show signs of bluriness in spite of 

the different flight speeds. We can therefore conclude that a flight speed between 1 and 3m/s 

allows for UAV-based thermal images without motion blur. For a greater efficiency during data 

collection, we recommend a speed of 3m/s instead of slower flight speeds. 

- Contrast: The thermal color contrast in the images collected during flights 1 and 2 is weak and 

boundaries of the thermal anomalies can not be identified clearly. A reason for this could be the 

nadir viewing angle in combination with the large distance of at least 42m between camera and 

thermal anomaly. This value clearly exceeds the previously mentioned 20m limit above which a 

change in emissivity occurs. While inadequate contrast is given in all images recorded using those 

settings, the other flights display sufficient contrast. 

- Visability of image details: With increasing distance it becomes impossible to recognize certain 

details that are relevant for the interpretation of thermographic images. While thermal details like 

air leakages through window panes are clearly visible on terrestrial images, these details are not 

discernible at an altitude of more than 30m above ground. On images recorded with a flight height 

of 60m, it is not even possible to spot details like closed roller shutters (Figure 1 (d) and (f)). Other 

thermal anomalies solely visible on our terrestrial images include thermal bridges on the 

composite zone between window frames and panes as well as those on window sills. Thermal 

bridges on window frames themselves, however, can also be found in UAV-based images 

recorded at 30m (although they are indiscernible in those acquired at 60m). 

- Perspective: All aerial thermographic images properly record building rooftops regardless of 

viewing angle. Flight 5 (minimal flight height, 45° angle) provides the best thermographic image 

of the rooftop, giving an optimal view of the full thermal bridge below the eaves. While the 

terrestrial perspective does not cover rooftops at all, it excels when used in window and building 

façade inspections. Window examinations can also be performed on images acquired at a 45° 

viewing angle, while the nadir perspective is not suitable for any façade analysis. As the results of 

both aerial flight modes do not differ in quality where roof inspections are concerned, the 45° 

viewing angle clearly is the more versatile option. It must be noted, however, that some 

examinations – for instance of balcony slabs and the underside of eaves – can only be performed 

on images recorded by hand-held camera. 

- Comparative temperature difference: Regarding the analyzed window, a temperature difference 

∆T60,8,o,t of up to –5°C between the aerial (flight 6, T60,o = +1.4°C) and terrestrial (T8,t = +6.4°C) 

thermal images can be measured. A second comparison for the same window between an aerial 

image recorded at 30m altitude (flight 5, T30,o = +3.5°C) and the terrestrial one (T8,t = +6.4°C) 
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shows a temperature difference ∆T30,8,o,t of up to –2.9°C. Where the rooftop anomaly near the 

ridge is concerned, a temperature difference ∆T60,30,n,o of up to –1.7 °C is measured between aerial 

images from flights 2 (T60,n = –1.1°C) and 7 (T30,o = +0.6°C). The thermal bridge on the roof 

displays a temperature difference ∆T60,30,o,o of up to –3.4°C between aerial images from flights 6 

(T60,o = –1.8°C) and 5 (T30,o = +1.6°C). All these examples show that larger distances lead to higher 

comparative temperature differences. This means that images recorded at 30m above ground (12m 

above the building) are preferable to those acquired at higher flight heights for rooftop and façade 

analyses via aerial thermography. For quantitative UAS-based thermographic applications, we see 

that a distance of 60m above ground (42 m above the building) leads to significant temperature 

falsification.    

4.   Discussion 

Our study shows the influence of motion, distance, and recording angle of automated UAV-based 

thermal image acquisition on the quality of thermographic images. While the flight speed did not seem 

to have an influence on the image quality in our study, the distance and recording angle between the 

camera and building of interest can have a distinctly negative effect. 

Our observations show thermal image quality to remain unchanged at low flight speeds of between 

1 and 3m/s. We therefore suggest examining greater flight speeds to further increase the efficiency of 

the automated image acquisition process. While this contradicts Entrop and Vasenev’s [14] experience 

of a 1.5m/s speed limit, recent advances in UAV technology may explain the new findings.  

Varying distances and angles between thermal camera and investigated building surface can lead to 

a falsification of recorded temperature data, a lower contrast, and a decrease in visibility of image 

details, caused by a weakening of the returning infrared radiation or emissivity level. In our case 

study, we can clearly confirm the negative effect of increasing distances on these factors as described 

by Fouad and Richter [21]. Considering the pros and cons of different distances (30m and 60m above 

the ground) and flight angles (nadir and 45° angle), we can come to the following conclusion: The 

nadir perspective is suitable for analyzing rooftops, but provides no quality advantage compared to a 

flight angle of 45°, which additionally allows some façade analysis. Automated drone thermography is 

very suitable for the analysis of rooftops when choosing a medium flight distance such as 30m above 

ground (12m distance to the building). This setting (45°, 30m above ground) allows thermal patterns 

such as large thermal anomalies to be recognized. However, a quantitative temperature study and a 

detailed façade analysis is not possible owing to the comparatively large distance and steep angle of 

camera to building front. Images recorded at a 60m flight height (42m distance to the building) cannot 

be recommended for quantative studies, although large thermal bridges and leakages are still 

discernible. This setting can still be advantageous if time constraints permit only a rough analysis of a 

district or building stock to identify larger areas of heat loss. Further statements on the thermal quality 

of specific buildings and areas then require more detailed analyses.  

Despite the discussed revelations, our study suffers from some limitations. We only analyzed drone 

images of two buildings with merely seven different flight settings, all of which were recorded on the 

same day under similar weather conditions. On top of this, the quantitative analysis of the comparative 

temperature difference is only limited to three different points. Further comprehensive qualitative 

analyses are planned in follow-up work with more thermal images of buildings and additional 

evaluation criteria. We also intend to study different flight distances, higher flight speeds, and areas of 

different building types. Moreover, we want to structurally analyze the effort involved in UAV-based 

approaches compared to ground surveys by taking time and cost efficiency into account. Concerning 

our drone image data, it should be noted that all images include vignetting. The vignetting effect is a 

shadowing toward the edge of an image which falsely signals a higher intensity in the image’s central 
region [25]. This is caused primarily by the camera itself. A technical optimization is planned to 

exclude this effect in future UAV-based images, for example by using a back-up aperture and thin 

rings as well as adapters to accommodate larger filters. 
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5.   Conclusions 

In this study, we compared the quality of automatically acquired UAV-based thermal images to 

classical terrestrial thermography via hand-held camera for building audits. For this, we collected a 

drone image dataset recorded using seven different flight settings of varying recording angle, flight 

speed, and distance above ground, as well as stationary terrestrial images with constant recording 

distance and angle. We investigated five quality criteria for thermographic images that we applied to 

three typical examples displaying thermal anomalies common to buildings. 

We found that the studied flight speeds do not have a negative impact on the quality of 

thermography. On the other hand, large distances and steep angles to the building façade reduce the 

quality of thermographic images considerably. Automatic UAV-based thermography at a medium 

distance to buildings is especially suitable for the quantitative and qualitative analysis of rooftops. In 

this context, we see no advantage of the nadir perspective compared to a 45° angle. Analyses of 

images recorded at a very large distance are only suitable for efficient data collection and the 

qualitative recognition of patterns like large thermal bridges and air leakages. They do not allow for 

more detailed analyses nor give reliable quantitative information. Our results can be used for the 

structured planning of thermographic drone flights of large building stocks and will be improved upon 

by the authors in following studies. 
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Abstract: Thermography for building audits is commonly carried out by means of terrestrial recording
processes with static cameras. The implementation of drones to automatically acquire images
from various perspectives can speed up and facilitate the procedure but requires higher recording
distances, utilizes changing recording angles and has to contend with the effects of movement during
image capture. This study investigates the influence of different drone settings on the quality of
thermographic images for building audits in comparison to ground-based acquisition. To this end,
several buildings are photographically captured via unmanned aerial vehicle and classical terrestrial
means to generate a dataset of 968 images in total. These are analyzed and compared according to
five quality criteria that are explicitly chosen for this study to establish best-practice rules for thermal
image acquisition. We discover that flight speeds of up to 5 m/s have no visible effects on the image
quality. The combination of smaller distances (22 m above a building) and a 45◦ camera angle are
found to allow for both the qualitative and quantitative analysis of rooftops as well as a qualitative
screening of building façades. Greater distances of 42 m between camera and building may expedite
the acquisition procedure for larger-scaled district coverage but cannot be relied upon for thermal
analyses beyond qualitative studies.

Keywords: thermography; thermal imaging; building audits; remote sensing; UAV; energy analysis

1. Introduction

Infrared thermography has gained prominence in the field of remote sensing due to the
technology’s reliability and versatility as well as non-contact and non-destructive qualities.
It is implemented throughout a wide range of applications, including e.g., agricultural
data collection, gas detection, industry monitoring, as well as identifying humans and
animals [1–3].

Thermography has also proven to be very useful for the detection of thermal irregular-
ities, air leakages and moisture abnormalities on building envelopes [4]. To this day, static
setups or hand-held cameras are most common in the analysis of buildings [5]. However,
performing thermography with a terrestrial camera reaches its limits in larger-scale projects
due to its time-consuming nature [6] and inability to cover certain areas of the building
envelope, such as the high façade elements of tall buildings [7]. It has therefore become
increasingly popular for thermographic building audits on city- or district-scale to be
performed by means of aircrafts, such as Unmanned Aerial Vehicles (UAVs) [5].

Aside from bypassing the aforementioned limitations of ground-based procedures,
aerial methods additionally have the potential to streamline building auditing in the future
scenarios, such as smart cities. Embedded into the broader context of urban data collection
and processing approaches, they can improve the general sustainability of urban areas
by providing vital information to governments and stakeholders, thus expediting lengthy
decision-making processes [8]. UAVs can be used as relay stations for multiple Internet
of Things devices, not just thermographic cameras. By including various kinds of sensors,
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a broad range of environmental data can be collected, analyzed and communicated to a
central station for reasons such as determining levels of pollution [9,10].

For these reasons, many recent scientific publications focus on establishing best prac-
tice rules for the recording and processing of UAV-based thermographic images. While
numerous studies are devoted to identifying the various drone settings suitable for audit-
ing buildings, they oftentimes fail to provide comprehensive information on the quality
of the acquired images and assessment thereof. Krawczyk et al. [11], for instance, used
UAV-based thermography to inspect a single-family house and named the aerial acquisition
method the “optimum solution for inspections of buildings” because it permitted fast image
recording and access to rooftops. However, the authors did not detail their chosen flight
speeds nor any other drone settings, all of which greatly influenced the results. Entrop
and Vasenev [12] studied various flight settings with the aim of reducing cost and time
involved in drone-based thermography. They chose distances of between 5 m and 10 m
to the object under scrutiny and a flight speed of 1.5 m/s, which they were later forced to
lower to 1.0 m/s due to insufficient image quality. While they provided recommendations
for UAV settings, they failed to specify the criteria used to assess the quality of their thermal
images. The influence of certain flight settings on specific aspects of quality therefore re-
mains unknown, making the discoveries difficult to transfer to other scenarios. Rakha and
Gorodetsky [13] investigated suitable drone settings to create thermographic 3D models of
buildings. They examined various parameters, such as flight path, overlap and distance
between infrared camera and the building in question. While various flight heights of 18 m,
22 m, 27 m and twice the building height were all found to be suitable, the optimal set-up
uses a 12 m distance to the building and a strip pattern flight path. Although the paper
identifies new best practice rules for the creation of 3D models, it also fails to examine
their concrete influence on the quality of the recorded thermographic data. Another paper
to study the generation of 3D building models using UAV-based thermal images was
conducted by Daffara et al. [14]. They performed drone flights at a distance of 10 m to the
building façade and a maximum flight height of 8 m. No information was provided on
the influence of their flight settings on image quality. The same can be said of Dahaghin
et al. [15], who assessed the suitability of UAV-based thermal images in generating 3D
models of building rooftops. Their images cover two different areas at comparatively large
flight heights of 48.6 m and 160 m. Hou et al. [16] also developed a method to fuse point
cloud data to create 3D thermal building models. The UAV flights for image acquisition
were performed at different flight heights (60 m and 35 m above ground), angles (45◦ and
30◦) and flight paths (mesh grid and Y path). The authors found that greater distances
between camera and building induced more errors, while a 45◦ angle could capture more
façade detail than the 30◦ alternative. Benz et al. [17] present a concept for the UAV-based
assessments of buildings by estimating façade U-values from a generated 3D building
model. Without providing an explanation for their choice of settings, they performed all
flights at a 15 m distance to the building under scrutiny. They found that the quality of
UAV-based thermography needs to be improved to allow for precise U-value calculations.
Mayer et al. [18] developed a procedure for identifying, classifying and evaluating thermal
bridges of buildings by means of drone-mounted thermographic camera. The images
were acquired at heights of between 60 m and 80 m above ground. Using these settings,
the authors were able to manually identify 14 different types of thermal bridges in the
dataset. They found that thermal imaging performed in near parallel to a building façade
(acute angle) often caused the thermal anomalies to be misinterpreted. For this reason, they
excluded images that were recorded at a small angle (<70◦) to the object under scrutiny.
Another author to discuss thermal building anomalies is Zahradník [19], who showcased a
UAV-based method for rooftop leakage detection. The data were acquired in nadir flight
(camera pointing straight down) at a speed of 2 m/s and a constant distance of 20 m
to the ground. Again, the reasoning for these specific settings was not provided in the
paper. Mirzabeigi and Razkenari [20] explored a method for detecting thermal bridges
on building envelopes which takes both UAV-based and terrestrial images into account.
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For aerial acquisition, they chose a rectangular trajectory (strip pattern flight path) at a
6.5 m distance to the building. They failed to indicate on what grounds they assessed
the quality of the thermal images acquired using the aforementioned methods. Gómez
and Tascón [21] detailed best practice rules for using UAVs to detect thermal anomalies
on agricultural building envelopes. The developed protocol is tested and validated on
thermal video recordings of a new case study. The façade was inspected at a distance of
10 m and a flight height of 5 m above ground, the rooftop through images acquired at
20 m above the maximum building height and strip pattern flights. The authors defined
these flight settings as suitable for their specific research aim without detailing the effects
they had on image quality. Owing to the numerous and diverging recommendations for
UAV set-ups provided in all manner of published thermographic case studies, Gómez
and Tascón [21] concluded no generally applicable standard for best practices existed with
regards to distance between UAV and object under scrutiny. Instead, they stated that flight
settings must be chosen according to the specific objectives at hand.

Table 1 gives an overview of the aforementioned most recent studies concerned with
building envelope analysis using UAV-based thermographic images. It also shows what, if
any, information is provided on the chosen settings of the experimental flights conducted
for said publications.

Table 1. Overview of recent studies in the field of UAV-based thermal building inspections [11–21].

Publication Year UAV Flight Settings

Krawczyk et al. [11] 2015 No information provided

Entrop and Vasenev [12] 2017 5–10 m vertical distance to building roof, 1 m/s flight speed

Rakha and Gorodetsky [13] 2018 12 m horizontal distance to building façade, 45◦ and 10◦ camera angle

Daffara et al. [14] 2020 10 m horizontal distance to building façade, 0◦ camera angle

Dahaghin et al. [15] 2021 48–218 m vertical distance to ground

Hou et al. [16] 2022 60 m and 35 m vertical distance to ground, 45◦ and 30◦ camera angles

Benz et al. [17] 2021 15 m distance to the building

Mayer et al. [18] 2021 60–80 m vertical distance to ground

Zahradník [19] 2022 20 m vertical distance to ground, 90◦ camera angle, 2 m/s flight speed

Mirzabeigi and Razkenari [20] 2022 6.5 m distance to building, ground-based terrestrial camera for comparision

Gómez and Tascón [21] 2021 10 m horizontal distance to building façade, 20 m vertical distance to building
rooftop peak

A review of the cited papers revealed a considerable literary gap in the comprehensive
assessment of the quality of thermal images and how they were influenced by various
recording parameters. None of the named studies provide detailed descriptions of their
thermographic images or criteria for evaluating their quality.

As high quality is of the utmost importance for the correct interpretation and quantita-
tive assessment of the information provided in thermal images, this work aims to identify
the benefits and drawbacks of different drone flight settings to formulate best practice rules
for thermography in building auditing. Using a case study, we examine the impact of
different modes of acquisition at varying camera speeds, recording angles and distances to
the buildings under scrutiny to determine how these parameters influence the resulting
images. To do so, we define and evaluate three qualitative and two quantitative criteria to
indicate how recorded thermal information changes with different acquisition settings. This
study builds on Mayer et al.’s [22] prospective conference contribution, which introduced
four qualitative and one quantitative criteria for evaluating a small, exemplary dataset of
automatically recorded UAV-based thermographic images as well as comparative images
acquired by hand-held thermal camera. In total, Mayer et al. [22] analyzed 21 aerial and
24 terrestrial images in detail. The authors found image quality to be independent of flight
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speeds of up to 3 m/s. Moreover, the study provides evidence that temperature values
recorded in UAV-based thermographic images can significantly deviate from the values
acquired by hand-held camera. Owing to the small case study size they did not, however,
provide a comprehensive quantitative analysis to evaluate these findings in more detail.

Identifying the optimal settings for high quality thermography-based building audits
requires a more in-depth, large-scaled analysis. This study therefore extends Mayer et al. [22]
on four counts: (1) the new dataset is much broader, consisting of a significantly larger
number of images collected in ideal weather conditions (complete absence of drizzle and
rain); (2) an additional method of image acquisition—namely manual UAV flight—is
included in the comparison; (3) the assessment is enhanced by a more quantitative-based
set of criteria; and (4) mode-dependent recording times are examined to assess and compare
the general efficiency of UAV-based and manual acquisition methods. In doing so, this
paper aims to contribute an improved set of tools for assessing the quality of UAV-based
thermographic building audits. It shows the comparative results of these applied to an
extensive new case study, including images captured by three different means of acquisition.
The results are discussed and compared to literature.

2. Materials and Methods
2.1. Research Approach

This study is split into three procedural parts, which are described in detail in the
subsequent Sections 2.2–2.4. In a first step, data are acquired. The thermal images were
collected by hand-held and UAV-based cameras using varying recording settings to cover
four residential buildings. Next, quality criteria are defined to assess the usability of the
recorded images for both a quantitative and qualitative analysis of the building envelopes.
In a third step, the collected images are analyzed and compared according to the defined
criteria. This allows for conclusions to be drawn about the benefits and drawbacks of the
various tested settings for the thermal assessment of building envelopes. This research
approach is illustrated in a flow chart in Figure 1.

Remote Sens. 2023, 15, x FOR PEER REVIEW 5 of 28 
 

 

 
Figure 1. Flow chart of the research approach in this study. 

2.2. Data Collection 
The analyzed dataset consists of 968 thermal images: 693 captured on the ground 

and 275 via UAV. Of the aerial images, 139 were recorded manually and 136 in automatic 
flight mode. As indicated in Figure 2, the case study covers four multi-family buildings in 
the German city of Karlsruhe, which belong to the local municipal housing association 
Volkswohnung Karlsruhe GmbH. The buildings are located in Sophienstr. 201–203, 
Volzstr. 2, Wichernstr. 4 and Wichernstr. 10–18. They were all constructed in the 1950s, 
stand 18 m tall and comprise between 12 and 47 apartments, all of which were fully 
rented out at the time of image acquisition. 

 
Figure 2. Audited buildings in Sophienstr. 201–203, Volzstr. 2, Wichernstr. 4 and Wichernstr. 10–18, 
located in Karlsruhe, Germany [23]. 

Figure 1. Flow chart of the research approach in this study.

2.2. Data Collection

The analyzed dataset consists of 968 thermal images: 693 captured on the ground
and 275 via UAV. Of the aerial images, 139 were recorded manually and 136 in automatic
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flight mode. As indicated in Figure 2, the case study covers four multi-family buildings
in the German city of Karlsruhe, which belong to the local municipal housing associa-
tion Volkswohnung Karlsruhe GmbH. The buildings are located in Sophienstr. 201–203,
Volzstr. 2, Wichernstr. 4 and Wichernstr. 10–18. They were all constructed in the 1950s,
stand 18 m tall and comprise between 12 and 47 apartments, all of which were fully rented
out at the time of image acquisition.
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located in Karlsruhe, Germany [23].

The aerial images were acquired using a “DJI Matrice 300” UAV [24] equipped with the
“Zenmuse XT2”, a combination of FLIR’s “Duo Pro R” thermal and RGB camera technology
and DJI’s gimbal [25]. All thermal images were recorded in FLIR’s proprietary image format
RJPEG. The terrestrial thermographic images were acquired using a “FLIR T200” hand-held
camera [26] in the standard JPEG format. The emissivity was set to 0.95 throughout to
remain within the recommended range of 0.90 to 0.98 [27].

Image acquisition took place on 28 February and 1 March 2022 between 8 p.m. and
1 a.m. On 28 February, the outside air temperature registered at between 1 ◦C and 3 ◦C.
Wind speeds reached a maximum of 17 km/h. The sky was cloudless both during the
flights and in the preceding 24 h. A maximum temperature of 11 ◦C was recorded by
local weather stations in that time period. Very similar weather conditions were present
on 1 March. The outside air temperature was recorded as being between −1 ◦C and 5 ◦C
during acquisition, with wind speeds of max. 11 km/h. Again, the sky was entirely clear
both during the flights and in the preceding 24 h, with a maximum temperature of 9 ◦C
present in that time period. The sun set at around 6:10 p.m. on both days [28].

The meteorological conditions present during these UAV flights therefore align with
Lucchi’s [29] and Fouad and Richter’s [27] recommendations: The temperature difference
between indoor and outdoor areas was sufficiently high (Assuming a standard indoor room
temperature of 19 ◦C [30], the requirement of a delta of more than 10 K was met.), and the
recommended maximum outside temperature of 5 ◦C was not exceeded. Terrestrial and
aerial images of the same building were recorded consecutively and on the same day to
ensure near identical weather conditions, thus establishing a basis for comparisons between
images and acquisition methods.

For a succinct comparison of UAV-based recording methods, nine different flight
settings of varying speed (1 m/s, 3 m/s and 5 m/s), flight height (4 m to 60 m above
ground), and camera angle (45◦, 90◦/nadir and 0◦/facing the façade) were selected. Six
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of these nine flights (flights 1 to 6) were carried out automatically; the rest (flights 7 to 9)
were executed manually by a professional UAV pilot. All flight settings are summarized in
Table 2.

Table 2. Flight settings for the case study (the presence of obstacles allowed only the buildings on
Wichernstr. to be recorded via manual flights 7–9).

Flight Building Automatically/Manually
Performed Flight Route

Camera
Angle

[◦]

Height above
Ground

[m]

Height above
Building

[m]

Distance to
Façade

[m]

Flight
Speed
[m/s]

1 Full area Automatically 45 (oblique) 40 22 - 1

2 Full area Automatically 45 (oblique) 40 22 - 3

3 Full area Automatically 45 (oblique) 40 22 - 5

4 Full area Automatically 45 (oblique) 60 42 - 3

5 Full area Automatically 90 (nadir) 40 22 - 3

6 Full area Automatically 90 (nadir) 60 42 - 3

7 Wichernstr. 4 Manually 0 (manual) 4 to 12 - 4 -

8 Wichernstr. 4 Manually 0 (manual) 4 to 12 - 8 -

9 Wichernstr. 4,
10–18 Manually 0 (manual) 4 to 12 - 15 -

During automatic flights, a 45◦ camera angle was used to capture the façade (flights
1 to 4) and 90◦ (flights 5 and 6) to record rooftops. The flight heights were set to 60 m
above the ground (flights 4 and 6)—corresponding to 42 m above the buildings—and 40 m
(flights 1, 2, 3 and 5)—corresponding to 22 m above the buildings. Smaller distances proved
impossible to realize due to the presence of natural obstacles, such as trees. To examine
contrasting literary conclusions about the influence of camera velocity on image quality,
the UAV’s flight speed was set to 1 m/s (flight 1) based on the experience of Entrop and
Vasenev [12] and 3 m/s (flights 2, 4, 5, 6) as well as 5 m/s (flight 3) based on the findings of
Mayer et al. [22] A strip pattern flight path was used for all automated flights (flights 1 to
6) with a constant side and frontal overlap of 10%. Higher overlap is primarily required
for tie point computations in the creation of mosaics or 3D models and is thus outside
the scope of this work. The UAV-based thermal image dataset discussed in subsequent
chapters consists of a pre-sorted selection of all images that were automatically captured
along the flight route. Only those images depicting relevant building parts are included.

Operating the UAV in manual flight mode, as was done during flights 7 to 9, allows
for much smaller flight heights and distances to the area of interest. It means entire
building façades can be captured in close range without changing perspective. The lack
of surrounding obstacles in Wichernstr. 4 and 10–18 allowed those buildings’ façades to
be recorded at varying distances of 4 m, 8 m and 15 m. These images were taken in static
flight, meaning the UAV was brought to a full-stop mid-air to avoid camera movement
during acquisition. Terrestrial images were recorded at the same distances of 4 m, 8 m and
15 m to the buildings. The datasets from close-up acquisition methods are larger simply
because each image only covers a small area, and therefore, a greater amount is required to
capture a building envelope in its entirety.

FLIR’s “Thermal Studio” software [31] was utilized in the processing and analysis
of all thermographic images. The temperature scale was chosen based on Fouad’s [32]
recommendation to visualize thermal data using a range of at least 15 K. Set at −8 ◦C to
+13 ◦C, it encompasses both the building’s warmest and coldest regions as well as the given
surrounding temperatures. Color is assigned universally according to the “signal linear”
function, which forces the color scale into a linear adaptation of the raw camera signals [33].

Figure 3 shows exemplary images acquired under the previously described settings
of varying height, angle and recording method. Images depicting the same object at an
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identical angle and distance may still vary owing to the different lenses of hand-held versus
UAV-mounted thermal cameras. The full dataset being discussed in this paper is publicly
available on Zenodo [34].
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2.3. Evaluation Criteria

This study presents select quantative and qualitative criteria that can be used to com-
pare and evaluate the quality of diversly acquired thermal images. To date, the authors
know of no established set of criteria with which to assess the qualitative and quantita-
tive usability of thermal images in building auditing and to make varying methods truly
comparable. We therefore define them based on criteria common to photography and
thermography, as described below. While the qualitative criteria are meant as tools to
provide a general assessment of the achievable level of detail in thermal images, the quanti-
tative criteria give insight specifically into the accuracy of temperature values recorded by
the thermal camera in question. In addition to the aforementioned, the time required for
image acquisition is taken into account as a separate indicator due to the relevance it has
for the economic efficiency of a given method. The criteria can be influenced by constant
parameters like those pertaining to the involved technology (This includes the thermal
camera as well as implemented UAV technology.) and dynamic ones, such as camera speed,
position in relation to the object of interest and atmospheric conditions as described by
Fouad and Richter [27] (see Section 2.2).

Three qualitative criteria are defined for comparing the influence of different acquisi-
tion methods and settings on the visibility of details (such as thermal bridges) within the
resulting thermal images. These are motion blur, feature discernibility and accessibility (of
areas under scrutiny). While partially derived from Mayer et al. [22], these refined criteria
place additional emphasis on an acquisition method’s ability to reach all areas of interest.
This is an aspect that must be considered for building auditing because if a method lacks
the capability of capturing a building in its entirety, any adeptness it may have of capturing
highly detailed images will be offset by the incompleteness of the resulting dataset and
potential omission of important anomalies. The qualitative criteria used to evaluate the
image dataset are:

- Motion blur: Motion blur occurs when a camera moves during the image recording
process, resulting in stripe-like, blurred areas [35]. Camera speed, shutter speed
and distance to the captured scene all influence how the effect manifests itself [35].
Camera speed and distance correlate in their influence on motion blur, particularly in
UAV-based applications: The same amount of blur can be caused by a slower, close-
up movement as well as a faster flight at greater distance [36]. Motion blur affects
the detectability of thermally relevant areas and can falsify temperatures shown on
thermographic images [35].

- Feature discernibility: The precise identification of thermal anomalies as part of
the thermographic building auditing process vastly depends on the level of detail
discernible within the recorded images. This aspect can be described on a qualitative
level using the term spatial resolution: A common concept in remote sensing, it
eludes to “the smallest object [or imaged ground area] that can be resolved by [a]
sensor” [37]. Finer or greater spatial resolution means a higher level of detail is
displayed in comparison to coarse or low resolution [38]. The size of recordable detail
in a given scene depends on the instantaneous field of view (the camera-dependent
angle through which radiation can be received) and the variable distance between
camera and object of scrutiny [38]. The camera angle plays an influential role as well
since the absolute distance to an object increases as soon as the optical axis is not
perpendicular to its surface. Although such a change in perspective increases the
capturable building surface area, it comes at the cost of lower resolution of the details
being portrayed.

- Accessibility (of an area under scrutiny): While the previous factors describe the influ-
ences on the visibility of thermal anomalies in building auditing, this third criterion
lays emphasis on what areas are even accessible to the various image acquisition meth-
ods. This depends on the camera pose and angle in relation to the inspected object
as well as surface features and form. If the camera’s optical axis is almost parallel to
the building surface, the identification of thermal bridges will be nearly impossible.
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Similarly, a building part might simply be inaccessible due to positional constraints or
surface elements blocking the camera’s view. This aspect is particularly relevant when
the acquisition’s aim lies in assessing the entire envelope of a given structure.

Additionally, two quantitative criteria strive to evaluate the recorded temperature
values influenced by the different recording settings and means of acquisition. These
are calculated through the thermal comparison of identical regions of interest in images
acquired under varying settings. Quantitative analysis, as presented by Mayer et al. [22], is
extended to further inspect the thermal difference between anomalies in comparison to the
given surroundings and background. The two criteria are:

- Comparative temperature difference: As the name suggests, the comparative tem-
perature difference means to indicate variations in recorded thermal values across
different settings and acquisition methods. Quantifying this value allows the thermal
images to be evaluated with regards to their usability in calculating U-values or energy
losses [22]. The difference is defined as the delta in temperature of a certain area of
interest across two comparable thermographic images:

∆TA
i,j,k,l = TA

i,k − TA
j,l , (1)

where TA
i,k corresponds to the maximum temperature of an area of interest A (a thermal

anomaly) recorded at a distance i of up to 15 m (terrestrial and manual UAV), 22 m
or 42 m (automatic UAV) to the building. The camera angle k is defined as either t
(terrestrial), o (oblique/45◦), n (nadir/90◦) or m (manual/0◦). TA

j,l is the maximum
temperature of the same area of interest A within a second thermal image taken at
a distance j of up to 15 m (terrestrial and manual UAV), 22 m or 42 m (automatic
UAV) to the building and the camera angle l—again defined as either t, o, n or m.
Changes in distance to the target object may lead to distortions in temperatures
recorded by a thermal camera owing to intermediate air particles absorbing parts of
the emitted infrared radiation [27]. Such atmospheric influences will likely have a
noticeable effect as—according to Fouad and Richter [27]—the resulting temperature
distortion remains neglectable only at distances of up to 20 m. In addition, the
viewing angle k or l can further influence the calculated thermal difference. Emissivity
decreases significantly at angles of more than 45◦, thus causing larger temperature
differences [39]. Quantifying the comparative temperature difference is important
because it allows information to be derived about the ways in which thermographic
UAV imagery can be used, e.g., in calculating U-values or energy losses [22].

- Comparative contrast: Contrast indicates differences in brightness and color within an
image [40]. According to Ortiz-Sanz et al. [39] and Filippeschi and Leccese [41], this
factor is mainly influenced by camera distance and angle to the object under scrutiny.
A decrease in quantitative thermal contrast can be caused by signal degradation and
increased reflections associated with lower emissivity levels [27,29]. For its use in
thermal building auditing, contrast in an individual image can be defined as the tem-
perature difference between a thermal anomaly (area of interest) and its surroundings
(reference area). We, therefore, specify the comparative quantitative contrast as the
difference in contrast of a specific area of interest between two thermographic images
as follows:

∆TC
i,j,k,l = ∆TC

i,k − ∆TC
j,l , (2)

where ∆TC
i,k and ∆TC

j,l correspond to the quantitative contrasts of a thermal anomaly
found in images recorded with different settings i, k and j, l (see comparative tempera-
ture difference). The contrast values themselves are defined as:

∆TC
i,k = TA

i,k − TRA
i,k , (3)

∆TC
j,l = TA

j,l − TRA
j,l . (4)
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TA
i,k and TA

j,l thereby describe the temperatures of an area of interest A, while TRA
i,k and

TRA
j,l represent the values measured at an adjacent reference area RA. The reference

area is chosen as the nearest point to an area of increased temperature that is thermally
monotonous, in other words constitutes an unaffected part of the building. The dis-
tances i and j between camera and building vary between up to 15 m for terrestrial and
manually piloted UAV, as well as 22 m or 42 m for automatic UAV-based recordings.
The camera angles k and l can once more be defined as either t, o, n or m.

2.4. Evaluation Procedure

This study examines 112 areas of increased temperature (e.g., thermal bridges) located
on windows, (glazed) doors, roofs, façades, balconies, building bases, chimneys and vent
openings. Examples of some of the inspected areas of interest are shown in Figure 4. A
summary of all analysed thermal hotspots and their respective building parts is presented
in Table 3.

For the two qualitative criteria, both of which relate to thermal differences, the maxi-
mum temperature of each of these areas of interest is utilized as a basis for the assessment.
FLIR Thermal Studio’s “ellipse” feature allows a user to trace anomalous areas within ther-
mographic images and can determine said maximum. The nearest neighboring point that is
part of the thermal background or surrounding average defines the reference temperature
used to calculate the comparative quantitative contrast. As Fouad and Richter [27] found
the effects of distance-dependent temperature distortions to be negligible at up to 20 m,
we consolidate all terrestrial and manually piloted UAV acquisitions into two respective
groups for the following quantitative analyses.
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Table 3. List of areas of interest for the case study per building and building part.

Building Part

Building
Sophienstr. 201–203 Volzstr. 2 Wichernstr. 4 Wichernstr. 10–18

Balcony 2 8 7 4
Building base 1 - 2 -

Chimney - - 2 -
Door - 1 - -

Façade 3 4 2 6
Glass façade - 2 - -

Rooftop - 3 4 7
Staircase 2 1 - 3

Vent opening - 2 2 2
Window 10 4 19 9

Total 18 25 38 31

3. Results

Identified areas of interest must be analyzed according to the previously introduced
quantitative and qualitative criteria to allow for conclusions to be drawn about the quality
of the thermal images present in this case study dataset. The following results can be
derived in doing so:

- Motion blur: Motion blur stems from movements of either the camera or objects in
the field of view, making this criterion solely relevant to dynamic acquisition modes,
seeing as the objects under scrutiny—namely buildings—are immobile. Acquisition
via hand-held terrestrial camera or UAV in manual mode is considered static and
therefore unaffected. In contrast, automatic UAV flight mode can be susceptible to
motion blur. An evaluation of the case study images, however, shows that flight speeds
of up to 5 m/s do not cause any visible blurring in all analyzed images. Figure 5
illustrates the absence of blurring effects in three exemplary images of the dataset.

- Feature discernibility: The distance between camera and target object, the angle
and intrinsic camera-related properties all significantly influence resolution and the
visibility of image details. This impact varies based on the mode of acquisition and
implemented settings. UAV-based thermal images, recorded at a height of 22 m to
42 m above a building at a 45◦ camera angle, display discernible outlines of basement
exits, base areas, windows, balconies and doors. However, a visibly greater accuracy
can be achieved at a 22 m distance in comparison to 42 m with regards to details on
windows and balconies. Thermal anomalies on window frames, sills and balconies,
while clear at a closer range, are indistinguishable in images recorded at a distance of
42 m. Figure 6 exemplifies this observation by depicting the same building window
captured through various methods and settings. As the same figure also demonstrates,
such building elements can be seen in even greater detail in manually recorded images
and terrestrial images owing to the smaller distances of 4 m to 15 m. On a ground-level
altitude, hand-held cameras can capture images of comparable detail to a manual
UAV-based camera at the same distance to the building. However, while manually
piloted UAVs can cover upper areas of a building envelope with the same constant
spatial resolution, the terrestrial acquisition mode requires changes in angle, thus
causing a loss of discernible details. Nevertheless, a comparative analysis of the
case study images shows that the terrestrial hand-held camera-based method records
the following areas in greatest detail: geometric thermal bridges on balcony slabs,
walls, between the building base and its façade, small windows close to ground level,
window frame structures, air leakages between door and frame as well as window
and sill and accumulated heat in upper window parts.

- Accessibility: The areas of a building’s envelope that can be captured by thermal
camera depend on the acquisition method and the achievable position-based field
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of view. The nadir perspective, while allowing for a detailed view of rooftops, is
ineffective at recording a building’s façade, owing to the perpendicular angle between
optical axis and normal on such a wall. In contrast, UAV-based images acquired
automatically with a 45◦ pitch camera angle do show these kinds of details. In theory,
this method allows for almost (Excepting minor blind spots such as those caused by
building elements (like balconies) obscuring small façade parts from view) the entire
building envelope to be screened. It must be noted, however, that the choice of flight
pattern also plays an important role in how well the various building façades can
be captured. As depicted in Figure 7a, a heading angle perpendicular to a wall will
allow for the above described to be achieved with regards to this particular façade.
However, assuming a rectangular building shape, the same angle will allow near to no
clear view or access to both neighboring walls (s. Figure 7b). Flying solely with a strip
pattern at such a heading angle needs to be cautioned against. Choosing a crosshatch
pattern instead will ensure all four building façades are recorded with the same level
of detail.
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Figure 6. Comparison of the same window recorded with different settings; (a,b) terrestrial images
recorded with a horizontal distance of (a) 4 m and (b) 15 m to the façade; (c,d) automatically recorded
UAV images at a flight height of (c) 22 m and (d) 42 m above the building.
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Figure 7. Flight with different heading angles relative to a building’s façades/sides: (a) perpendicular
to long side (b) perpendicular to short side (long side is obscured).

Acquisition by means of manually piloted UAV does not suffer from this methodolog-
ical drawback, as the heading angle can be adapted to always assume the perpendicular
to the wall in question. A combination of front-facing camera (0◦ pitch angle), small dis-
tance and the high degree of flexibility permitted by the UAV allow for the entire building
envelope to be screened without similar blind spots occurring.

Compared to UAV-based images, hand-held cameras are far more restricted in their
access to a building’s envelope as they fail to capture rooftops of buildings as high as these.
This means an entire area of the envelope may oftentimes be out of range for this acquisition
method. Additionally, attaining views of areas higher up becomes more difficult the smaller
the absolute distance between camera and building grows, owing to building features, such
as balconies, obscuring the field of view. While this does improve at larger distances such
as 8 m and 15 m, Figure 8 exemplifies how windows and their sills still remain concealed
from the ground-based camera’s view in comparison to images acquired by manual UAV.
However, such an upward facing angle can also be advantageous for the inspection of
eaves or the bottom of balcony slabs—for which Figure 8 shows the terrestrial method
excels. Easily detectable areas by hand-held camera also include geometric anomalies in
the joint area of two buildings between roof and façade, on side walls, and on the inside
walls of balconies. However, the aforementioned limitation impacts these analyses with
regards to areas of interest further above the ground.
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Figure 8. Thermographic images of a thermal bridge of a balcony slab recorded at an 8 m distance
from a manual UAV’s (a) and a ground-based hand-held camera’s (b) perspective. Windows are
more obscured in (b), while the thermal bridge under the balcony slab is more prominent. The same
thermal bridge is inaccessible through automatically recorded aerial images.

- Comparative temperature difference: In addition to being influenced by camera-
intrinsic parameters and atmospheric conditions, the measured temperature values
can vary depending on the thermal camera’s distance and angle to the object under
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scrutiny [27]. The following box plots show a comparison of the acquisition methods
(automatic and manual UAV-based and hand-held camera) at varying distances. While
all plots in Figure 9 display both positive and negative temperature differences, the
values are concentrated in the negative regions. This alludes to a general trend of
decreasing distances leading to an increased recorded temperature. The box for
∆TA

o,o,42,22 (comparison of automatic UAV-based oblique images recorded at different
heights of 22 m and 42 m) shows on average negative temperature differences. The
positive temperature differences of ∆TA

o,o,42,22 may be a result of either a steep camera
angle to the façade or a slight vignetting present in the collected images. The box plots
for images from manual and automatic UAV flights at different distances show both
positive and negative comparative temperature values. Positive values of up to +6 ◦C
for ∆TA

o,t,22,15 are caused by window reflections as well as inexplicable distortions
within manually UAV-based images. The negative values can be attributed to the
variations in distance between camera and building. The final box plots again depict
both negative and positive values with the negative maximum reaching −7.8 ◦C. This
maximum of ∆TA

o,t,42,15 is likely caused by the largest possible difference in camera
distance (UAV-based recording being at 42 m compared to terrestrial at up to 15 m).
The positive temperature difference values between the terrestrial and UAV-based
images (∆TA

o,t,22,15, ∆TA
o,t,42,15) are again caused by window reflections which reduce

recorded window temperatures in thermal images. Overall, it can be observed that
larger differences in distance cause higher negative temperature deviations to occur.
Additionally, the most conspicuous difference is found in the comparison of hand-held
and UAV-based cameras. The more extreme ranges of both ∆TA

o,t in comparison to the
∆TA

o,m plots allude to the fact that distance itself might not be the only contributing
factor—the different make and model of hand-held and UAV-based cameras as well
as variations in angle and thus perspective of the ground-based acquisition method
could be a cause for these observable variations.
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Figure 9. Box plots for the comparative temperature differences of windows: Comparative tempera-
ture differences between areas of interest of UAV-based images and terrestrial images.

Figure 10 illustrates a similar analysis of building rooftops, depicting the comparison
of temperature differences in images acquired by oblique and nadir UAV-based methods.
The calculated differences are found to be solely negative, which can again be explained by
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the camera’s disposition of recording lower temperatures at higher distances. Figure 11,
for example, shows the same rooftop as having a different temperature when recorded at
varying distances. ∆TA

o,o,42,22 exemplifies this fact as well, showing that a sole change in
distance still causes a negative temperature difference. Another influencing factor can be
determined when regarding the other box plots. Despite comparing the same distances,
∆TA

n,o,42,22 shows significantly lower temperature differences of up to −6.5 ◦C. Simulta-
neously, ∆TA

n,o,42,42 displays differences between 0.3 ◦C and −3.5 ◦C, despite this being
a purely methodological, distance- and camera-independent comparison. The tempera-
ture deviations occurring in ∆TA

n,o,42,42 must result from the only parameter that is varied
here: the camera angle. This can be explained by the fact that the angle in nadir perspec-
tive lies outside the optimal angle range for image acquisition as defined by Ortiz-Sanz
et al. [39]. Our findings therefore confirm Ortiz-Sanz et al.’s [39]: Reflections such as the
aforementioned lead to the falsification of temperature values recorded in thermal images.
Additionally, the increased negative temperature differences of ∆TA

n,o,42,22 occur both due
to the change in distance to building as well as angle of camera.
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Figure 10. Box plots for the comparative temperature differences of rooftops: Comparative tempera-
ture differences between areas of interest of UAV-based images.
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Figure 11. Thermographic images of the same rooftop recorded automatically with an oblique angle
at (a) 22 m and (b) 42 m flight height above the building.
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In summary, it can be said that the recorded temperature is influenced by distance.
Precise quantitative statements about the influence of the recording settings on temperature
distortions cannot be made on the basis of the small amount of analyzed data, even if
a general trend has been identified. Smaller temperature deviations result from smaller
changes in distance, such as in the comparison between 15 m and 22 m as opposed to
42 m. Window reflections are found to cause quantitative distortions within terrestrial
thermographic recordings and manually flown UAV-based thermal images. It should be
noted that the quantitative analysis of the rooftops using UAV-based images (at 22 m
to 42 m flight height) seems more reliable than façade analyses at these distances, as the
temperature deviations caused by camera distance are smaller in thermal rooftop anomalies
than the inspected façade elements.

- Comparative contrast: The main factors that influence the contrast of thermographic
images are camera angle and distance to the building under scrutiny. The effect of the
camera angle becomes noticeable when comparing rooftops captured in nadir and 45◦

angle flight, with thermal anomalies displaying less contrast in images acquired at 90◦.
The cause of this lies with the prevalent weather conditions: clear, cloudless nights
lead to increased reflections on rooftops [42]. As a result, the emissivity decreases and
the contrast diminishes along with it. Figure 12 illustrates the described effect as it
was observed on the rooftop of the building in Volzstr. 2.
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Figure 12. Influence of the camera angle on the contrast of drone-based thermographic images based
on a roof anomaly R in Volzstr. 2; (a) in front view; (b) in nadir perspective. The contrast of R in (b) is
weaker than in (a) due to increased reflections from the sky.

Windows can be similarly susceptible to angle-dependent reflections. These stem from
surrounding buildings, trees and the sky itself, causing distortions in the calculated thermal
contrast. However, such details are found to only be discernible in manually recorded
UAV- or ground-based images—in other words at distances of 15 m and less to the building
façade. In these modes of acquisition, more perceptible reflections are found to occur
when recording images from below windows or on eye-level (at a 4 m distance), while no
reflections are visible in images taken of a window from above. Figure 13 exemplifies the
effects of window reflections depending on different camera angles.

While a change in distance between camera and target alters the perceived window
reflections and therefore their effect as mentioned above, it also has a more general influence
on thermal contrast. Measurable contrast is found to weaken with increasing distance. A
comparison of automatic UAV-based images exemplifies this: The same windows, roof
anomalies and other building elements are shown in greater contrast in images recorded at
22 m above the building than at a 42 m distance. In terrestrial images taken at distances
of up to 15 m, this effect is even more pronounced, with thermal anomalies and bridges,
balconies and windows displaying far greater contrast than at distances of both 22 m and
42 m.
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Figures 14 and 15 show box plots of the comparative quantitative contrasts of the
aforementioned areas of interest. Figure 14 depicts only negative values and values equal
to zero for all three comparisons (∆TC

o,t,22,15, ∆TC
o,t,42,15, and ∆TK

o,o,42,22), indicating lower
contrasts with increased distance. This reemphasizes the pronounced effect that higher dis-
tances can have on recorded infrared radiation by thermal cameras as described by Fouad
and Richter [27]. Values sink as low as −4.6 ◦C for façade elements (∆TK

o,t,22,15 in Figure 14)
and rooftop vent openings (∆TK

o,o,42,22 in Figure 15). Figure 15 and ∆TC
o,o,42,22 additionally

demonstrate how images taken with the same oblique angle suffer less from changes in
contrast compared to those acquired with the camera pointing straight down. This supports
previous observations of a nadir perspective, resulting in higher contrast deviations.
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Figure 14. Box plots for the comparative contrasts of façade elements (window, balcony, door,
base, insulation).
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Figure 15. Box plots for the comparative contrasts ∆TC
o,o,42,22 between UAV-based images recorded

from a height of 42 m and 22 m of rooftop elements (rooftop areas, vent openings, chimneys).

For the rooftop components in Figure 15, we find that differences of the quantitative
contrast between the rooftop covering, vent openings and chimneys are caused by the fact
that the roof vent openings and chimneys have much higher thermal losses associated
with high temperatures and are therefore more sensitive to changing camera distance. The
highest thermal losses are recorded in the chimneys. Accordingly, the greatest deviations
in quantitative contrast are caused by changes in camera distance.

As with the comparative temperature difference, contrast is found to be vastly influ-
enced by distance and angle, with greater distances causing decreases in contrast. For
rooftops, the contrast is diminished by reflections from the sky occurring in nadir flight
mode. Reflections in windows can also have a negative influence. It must again be noted
that the aforementioned observations are merely visible trends, not absolute, quantitative
statements on influence of the various recording settings, as these would be difficult to
make based solely on the analysis of a single dataset.

A final point of contention in thermographic building auditing is the economic feasi-
bility of the implemented method. This is, amongst others, defined by the amount of time
involved in image acquisition as it requires a paid expert to do so. A detailed overview of
all thermal image acquisitions performed for this case study is provided in Appendix A.
Unsurprisingly, the automatically recorded UAV-based method took the least amount of
time to record great quantities of images as the flight path was pre-programmed with
comparatively high flight speeds. However, the strip flight pattern (which was required to
ensure full building coverage) as well as the preparation time for UAV setup both consid-
erably increase the method’s duration. Additionally, due to software inaccuracies, some
UAV flights were found to take inexplicably longer despite shorter routes (Inaccuracies
of the implemented DJI Go 4 App caused recordings at 42 m above ground to take just as
long or longer than acquisitions at 22 m, despite shorter distances.). These drawbacks, as
well as the necessity for a “stop-and-go” recording process, made the manually UAV-based
acquisition mode less time-efficient than even terrestrial acquisition.
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4. Conclusions
4.1. Comparison of Acquisition Methods and General Recommendations

Using thermographic UAV-based images for building auditing creates new possibili-
ties for the fast, large-scale energetic assessment of residential districts. The presented study
evaluated a dataset of 968 UAV- and ground-based thermal images to identify influences of
various methodological implementations on the quality of such images. These included
112 areas of interest with increased temperatures, which were analyzed and evaluated
according to five defined quality criteria as well as an additional measure of time effi-
ciency. We evaluated the effects of flight speed, camera distance and angle on the quality
of UAV-based thermal images compared to those acquired through classical hand-held
camera recordings.

Our case study allows for conclusions to be made regarding the previously mentioned
parameters: While flight speeds of up to 5 m/s did not cause any qualitative changes to
the thermal images, increasing distances between camera and target objects and changing
angles are seen to have a significant negative impact, in particular on UAV-based acquisition
methods. These parameter-specific insights influence the outcome of the quality criteria in
their assessment of images from each acquisition method.

Previous sections discussed both the three image recording methods implemented in
this case study as well as their quality-based evaluation according to the five chosen criteria.
This set of tools and the assessment contingent upon them enables a methodological
comparison. Table 4 shows such an overview for the three previously discussed methods.

Table 4. Comparison of the strengths and weaknesses of image acquisition methods implemented in
this case study by means of previously discussed quality criteria.

Criterion

Acquisition
Method Automatic UAV Flights Manual UAV Flights

Hand-Held, Ground-Based
Capture

Motion blur Unaffected
(at up to 5 m/s)

Unaffected
(stationary)

Unaffected
(stationary)

Feature discernibility
Medium

(façades less detailed, large
distances necessary)

High
(same detail throughout, small

distances possible)

Medium
(non-eye-level areas less
details, small distances

possible)

Accessibility

Medium
(with crosshatch only minor
blind spots, inaccessibility of

balcony slabs)

High
(no blind spots, all areas

accessible)

Low
(large blind spots, entire

envelope parts like rooftops
hardly accessible, good

accessibility of balcony slabs)

Comp. temperature difference Weak
(large distances necessary)

Strong
(small distances possible)

Strong
(small distances possible)

Comp. contrast

Weak
(though no window

reflections, large distances
necessary)

Strong
(despite pronounced window

reflections, small distances
possible)

Strong
(despite pronounced window

reflections, small distances
possible)

Time efficiency
Medium

(long setup, scalable
approach)

Low
(long setup and stop-and-go

image capture)

Low
(stop-and-go image capture

on foot)

Overall Fastest method but with least
detail

Slowest method but constant,
high detail

Enough detail but accessibility
issues

A conclusion can be drawn from the presented overview for the choice of best ther-
mal image acquisition method with regards to building auditing. First and foremost, the
above comparison emphasizes how versatile UAV-based acquisition methods are owing
to the third degree of freedom they allow. While both the manual and automatic form of
implementation have drawbacks with regards to some criteria, combined they fulfill all
requirements for a successful and economical thermography-based building assessment.
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Manual UAV flights can cover entire building envelopes at close and constant distances
without influences in angle, thus guaranteeing images of high quality and contrast. The
time-consuming nature of the method limits its economical use to the assessment of in-
dividual buildings. When inspecting entire districts, it is therefore prudent to choose the
fastest method of acquisition (automatic UAV flights) which, while incapable of offering
similarly detailed images, provides enough information to narrow down areas of interest
that may require further scrutiny via manual UAV flights. Ground-based thermography via
hand-held camera is unable to match the aforementioned owing to the missing degree of
freedom that prohibits access to building envelopes of a certain size, such as the ones given
in this case study. Its use can therefore not be recommended, unless it is for the inspection
of known areas of interest close to the ground.

4.2. Favorable Settings for UAV-Based Acquisition and Specific Recommendations

Automatic UAV-based thermal imaging was found to be most time efficient owing
to preprogrammed flight paths and dynamic acquisition although the impact of increased
distances and UAV preparation are not to be disregarded. When comparing UAV-based
images at flight speeds between 1 and 5 m/s, neither motion blur nor image distortion
is found to have occurred. In contrast to observations by Entrop and Vasenev [12] and
Zahradník [19], we can therefore conclude that flight speeds of more than 1.5 m/s or 2 m/s
are possible with the equipment used in this study. Flight speeds of more than 5 m/s
require further investigation and should be examined in future studies, owing to their
potential to further increase time efficiency.

Different flight heights and angles lead to deviations in temperature, contrast and
the amount of discernible features owing to reflections of infrared radiation or reduced
emissivity. Specifically, increased distances between camera and target as well as cam-
era angles of more than 45◦ are found to negatively influence thermal image quality
in the aforementioned aspects. This confirms findings by Fouad and Richter [27] and
Ortiz-Sanz et al. [39], respectively.

Evaluating the effects of various camera angles (oblique and nadir) and flight heights
(60 m and 48 m) on thermal images acquired in automatic UAV flight leads to the following
conclusions: The nadir perspective, while granting detailed views of building rooftops, fails
to be of use in the thermal analysis of façades and is associated with increased temperature
distortions. Additionally, radiation reflection on rooftops leads to a reduced contrast in
nadir images, thus making it more difficult to record thermally conspicuous areas of interest
within them. In contrast, recording at a 45◦ camera angle to the ground enables the analysis
of both rooftops and façades. Nadir flights produce thermal images of lower quality, thus
deeming the 45◦ camera angle is more preferable for thermography-based auditing via
automatic UAV flight. A camera height of 42 m above the target building allows larger areas
to be covered more quickly, but the resulting images suffer from more temperature-related
distortions and reduced contrast of both rooftop and façade compared to those acquired at
closer distances (such as 22 m). With increasing distance, less thermal anomalies become
discernible on the building’s envelope.

Based on these observations, we recommend a 45◦ camera angle and a 22 m distance
for the qualitative analysis of buildings using UAVs. However, performing quantitative
thermographic studies with the aforementioned settings remains inadvisable due to the
distinct temperature and contrast distortions perceptible for instance in window panes.
We can therefore only recommend the use of UAV-based thermography for quantitative
purposes (such as obtaining U-values) when flying at close range or piloting the drone
manually. Table 5 summarizes our suggestions based on the findings of our study with
regards to UAV-based thermal image acquisition.
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Table 5. Recommendations for UAV settings in UAV-based thermal image acquisition for building
auditing deduced from the results and framework conditions of our study; * The usefulness of
performing manual flights for rooftop analyses depends on the shape of the rooftop and can make
sense in individual cases. If a slanted roof is scanned at a perpendicular angle to the building façade,
temperature distortions can be expected to occur, depending on the slant angle.

Automated Flights Manual
Flights/Recordings

12 m height above
building,

45◦ camera angle

22 m height above
building,

45◦ camera angle

42 m height above
building,

45◦ camera angle

42 m height above
building,

90◦ camera angle

Up to 15 m
horizontal
distance,

0◦ camera angle
Qualitative

analysis of the
rooftop

Recommended Recommended Recommended
only for overviews

Recommended
only for overviews Not studied *

Qualitative
analysis of the

façade
Recommended Recommended Recommended

only for overviews Not recommended Recommended

Quantitative
analysis of the

rooftop
Recommended Not recommended Not recommended Not recommended Not studied *

Quantitative
analysis of the

façade
Not recommended Not recommended Not recommended Not recommended Recommended

4.3. Critical Review

To conclude, we want to critically reflect on our work. The evaluation of the dataset
is influenced by various factors. Overall, the study is limited to data recorded with nine
different flight settings on two recording days. For a more comprehensive database, a
larger dataset with images from different times of the day and weather conditions could be
beneficial. Also, the number of areas of interest considered in the study could be increased.
Future studies should additionally examine more flight settings, such as higher flight speeds
(>5 m/s), smaller distances (e.g., 20 m) and different camera angles (e.g., 30◦). However, it
should be noted that some UAV models, like the one implemented in this study, do not allow
automatic aerial surveys with the camera angled at less than 40◦ to the ground. Performing
similar studies with other UAVs might therefore be beneficial. Limitations to the flight path
caused by the presence of obstacles in a building’s vicinity might also be circumvented by
using a drone capable of detecting and avoiding such obstructions. In order to increase
the number of usable thermographic images, the UAV’s path should be aligned to each
building’s position instead of choosing a heading angle at random to merely cover the area.
Furthermore, using different features of FLIR’s Thermal Studio software would allow a
more balanced assessment of various image aspects. The choice of color distribution along
with palette range, for instance, affects the brightness of the thermographic images. In this
case, the distribution function “signal linear” was selected to preserve contrast and reduce
background effects. However, a simultaneously elicited darkening of the images makes the
detection of thermal anomalies more difficult. Implementing other functions that induce
contrasting effects, such as “histogram equalization”, could further augment the analysis.

Several assumptions of technical and experimental nature need to be addressed as
well. First, the use of two different thermal cameras (hand-held and UAV-based) cannot be
neglected as a potential source for differences in temperature. However, an exemplary com-
parison of images recorded with both camera models showed no perceptible distortions to
exist—apart from a generally lower resolution apparent in the ground-based images. Other
influencing factors depend on the form of image acquisition, such as a slight vignetting
indicated by the images’ darkened corners and edges of the images collected by drone.
Vignetting is caused by variations in temperature between camera components [43]. This
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makes the effect a common occurrence in UAV-based acquisition because a drone’s pro-
pellers induce a lens-cooling slipstream that clashes with the heat internally generated by
electronics and gimbal motor [43]. Another observable distortion is a slight drift in temper-
ature caused by a temperature drop during the acquisition time frame. However, the effects
from this were found to be negligible for the analysis and aforementioned comparisons.
As we opted for a more qualitative-based assessment, the precise distances and angles
between camera and building envelope surfaces were not calculated for the case study
images. Future studies may therefore elevate the analysis by using photogrammetry to
determine such values. This includes pinpointing the exact camera position with relation to
the object under scrutiny to identify the precise influence of distance and angle on thermal
image quality.

Overall, this work contributes to the joint fields of remote thermography and building
auditing by providing a set of tools with which thermal image quality can be assessed. Ad-
ditionally, specific recommendations are made for various acquisition modes and settings
for individual building and district auditing. In the future, we anticipate an increase in
quantitative studies to further substantiate current observations regarding the effects of
camera distance, angle and speed.
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Appendix A

Table A1. Overview of thermal image recording parameters.

Flight Building
Recording

Angle
[◦]

Height
above

Building
[m]

Distance
to Façade

[m]

Flight
Speed
[m/s]

Side and
Front

Overlap
[%]

Flight/
Recording

Time
[min]

Recorded
Area
[m2]

Number
of Images 1

[-]

Image Rate
[Images/

min]

Flight
Route
Length

[m]

1 Sophienstr.
201–203 45 22 - 1 10 43 2500 130 3 2730

2 Sophienstr.
201–203 45 22 - 3 10 20 2500 130 6.6 2730

3 Sophienstr.
201–203 45 22 - 5 10 13 2500 130 10 2730

4 Sophienstr.
201–203 45 42 - 3 10 25 2 2500 104 4.2 2730 3

5 Sophienstr.
201–203 90 4 22 - 3 10 - 2500 - - -

6 Sophienstr.
201–203 90 42 - 3 10 - 2500 - - -

1 Volzstr. 2 45 22 - 1 10 29 2000 105 3.6 2275

2 Volzstr. 2 45 22 - 3 10 13 2000 105 8.1 2275

3 Volzstr. 2 45 22 - 5 10 7 2000 105 15 2275

Zenodo.org
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Table A1. Cont.

Flight Building
Recording

Angle
[◦]

Height
above
Build-

ing
[m]

Distance
to Façade

[m]

Flight
Speed
[m/s]

Side
and

Front
Overlap

[%]

Flight/
Recording

Time
[min]

Recorded
Area
[m2]

Number
of Images 1

[-]

Image
Rate

[Images/
min]

Flight
Route
Length

[m]

4 Volzstr. 2 45 42 - 3 10 21 2000 90 4.3 2275

5 Volzstr. 2 90 22 - 3 10 - 2000 - -

6 Volzstr. 2 90 42 - 3 10 - 2000 - -

1 Wichernstr. 4 45 22 - 1 10 34 1700 120 3.5 2045

2 Wichernstr. 4 45 22 - 3 10 15 1700 120 8 2045

3 Wichernstr. 4 45 22 - 5 10 11 1700 120 10.9 2045

4 Wichernstr. 4 45 42 - 3 10 18 1700 98 5.4 2650

5 Wichernstr. 4 90 22 - 3 10 - 1700 - - -

6 Wichernstr. 4 90 42 - 3 10 - 1700 - - -

1 Wichernstr.
10–18 45 22 - 1 10 40 3600 145 3.6 3870

2 Wichernstr.
10–18 45 22 - 3 10 19 3600 145 7.6 3870

3 Wichernstr.
10–18 45 22 - 5 10 12 3600 145 12.1 3870

4 Wichernstr.
10–18 45 42 - 3 10 22 3600 117 5.3 3870

5 Wichernstr.
10–18 90 22 - 3 10 - 3600 - - -

6 Wichernstr.
10–18 90 42 - 3 10 - 3600 - - -

7 5 Wichernstr. 4 0 - 4 - - 15 180 23 1.5 - 6

8 Wichernstr. 4 0 - 8 - - 30 520 48 1.6 -

9 Wichernstr. 4 0 - 15 - - 14 520 7 22 1.6 -

9 Wichernstr.
10–18 0 - 15 - - 29 900 46 1.6 -

1 This refers to all recordings, including those that do not show any areas of interest or are unsuitable for the
analysis and were thus sorted out. 2 As a result of inaccuracies in the DJI Go 4 UAV software for areas smaller
than 20,000 m2 (2 ha), the duration of a flight at 42 m is longer than at 22 m. This stands in contrast to the fact
that a greater distance should allow for the comparatively smaller object to be captured in less time. 3 As a result
of inaccuracies in the DJI Go 4 UAV software for small areas, the distance that needs to covered for a flight at
42 m height is just as long as for 22 m, even though a greater distance between camera and target should allow for
the comparatively smaller object to be captured by means of a shorter flight path. 4 The recordings in nadir (90◦

camera angle) were carried out simultaneously with the recordings at a 45◦ camera angle and 3 m/s flight speed.
Therefore, there is no separate information on flight times. 5 Flights 7 to 10 refer to manual UAV-based thermal
image acquisition. All other flights were carried out automatically via UAV. 6 Precise route information is not
available because the recordings were completed by hand and cover only parts of the building envelope. 7 The
area of the façade was determined for this flight. For flights 1 to 6, on the other hand, the area corresponds to the
built-up area of the building. In this context, the built-up area is the area covered by the building [44].
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Abstract. Segmenting windows and doors on 3D point cloud models allows for heat loss audits 
around these areas. Researchers have collected aerial images to reconstruct 3D models for large 
districts, but easily accessible training datasets with data acquired on ground level cannot be directly 
used for segmentation on 3D models reconstructed by aerial images. Additionally, building a new 
dataset is a time-consuming and labour-intensive process. Therefore, we propose a segmentation 
approach that uses open source training datasets to segment windows and doors on façade images 
rendered from 3D point clouds. The results show that our approach can make full use of open source 
datasets to segment windows and doors, and that such trained segmentation models performs 
differently for different building styles. In addition, different algorithms result in various degrees of 
accuracy and segmentation on windows performs better than on doors. 

1. Introduction 
Thermography, a non-destructive inspection technology, is used for heat loss energy audits. 
However, the most common current data collection approaches only allow individual building 
energy audit by deploying handheld infrared thermography cameras to collect thermal 
information from building facades. The biggest downside of current data collection approaches 
is efficiency. Such approaches also do not consider groups of buildings in large district areas in 
which interconnected buildings impact each other’s thermal behaviors, especially, those 
connected within the same district heating network. More precisely speaking, if one building 
that is located in the middle of a heating network has unfixed heat loss issues, it will force 
buildings located downstream in the network to draw more heat to keep warm, resulting in more 
energy wasted through the middle-network buildings. Thus, there is a need to investigate novel 
methods and frameworks for building heat energy audits for large districts. Driven by the need 
of efficient and thorough energy audits for large districts, researchers have been deploying 
unmanned aircraft systems (UASs) to improve the data collection process (Hou et al., 2019).  

The benefits of using UASs to collect both thermal (infrared spectrum) and RGB (red-green-
blue visible light) images include the higher data collection speed and availability of a bird’s 
eye view, which can improve collection efficiency and comprehensively explore high areas of 
building façades that handheld thermal cameras cannot reach. Thermal and RGB imagery data 
collected from UASs allow the reconstruction of 3D point cloud models using photogrammetry 
technology. In order to obtain the 3D point cloud models that can integrate both thermal and 
RGB information, researchers have deployed different data fusion approaches (Hou et al., 2021; 
Shahandashti et al., 2010). 

Distinguishing windows and other heat loss related building façade elements is an important 
step for energy audits. Semantic segmentation using 3D point cloud building models fused with 
thermal information allows researchers to detect heat loss from window and door edges and to 
monitor thermal bridges and areas of moisture on walls. The first step is to distinguish these 
façade components. However, in available open source image databases, facade images with 
their labeled components (the ground truth information) that were taken from the ground cannot 
be directly used to train a model to segment façade elements either in drone-based aerial images 
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or in point cloud models reconstructed by these aerial images. To manually label newly 
captured aerial images and then build a new dataset is a potential option. However, conducting 
ground truth coding on these aerial images is both time-consuming and labor-intensive. 
Therefore, studies on the use of open source databases obtained from the ground to train 
artificial neural network (ANN) models for façade components segmentation using aerial 
images can provide an alternative that does not require the building of a new database. 

To reduce labeling time and maintain the benefits of using UAS-based data collection, we 
propose a framework to train segmentation models using open source terrestrial image datasets 
taken from the ground to predict semantic information on building façades. In this paper, we 
introduce the results of our approach that was tested on two different datasets from Karlsruhe, 
Germany, one from a university campus, and the other from a central business district (Mayer 
et al., 2021). The research introduced in this paper was designed to answer the following 
questions: (1) How does the proposed approach perform on different testing datasets with 
different building styles? and (2) How does the segmentation accuracy vary for different 
building components? This paper is organized as follows. We introduce and detail our approach 
in Section 2. Experiment results are described in Section 3, followed by evaluation and 
discussion in Section 4. Finally, we present our conclusions in Section 5. 

2. Methodology 
The proposed approach consists of the following four steps: (1) reconstructing a 3D point cloud 
model with aerial imagery data, (2) rendering 2D images from the 3D model, (3) training a 
semantic segmentation ANN model with open source datasets, and (4) predicting segmentation 
results on the rendered 2D images. We also designed the evaluation and validation metrics for 
the proposed approach. 

Note that with the exception of the 3D models that were reconstructed by ContextCapture, a 
commercial photogrammetry software kit (Shi and Ergan, 2020; Chen et al., 2020), most of the 
algorithms used in this study (e.g. Thermal-RGB data fusion, ANN model training, image 
rendering) were implemented using Python. The involved implementing libraries include 
Open3D (Zhou et al., 2018), OpenCV (Bradski, 2000), scikit-learn (Pedregosa et al., 2019), 
and PyRender (Matl, Mahler and Goldberg, 2017). 

2.1 Photogrammetry and 3D Point Cloud Model Reconstruction 
There are many approaches to detecting defects in building envelops, such as fan pressurization 
(blower door test), ultrasound (tone test), and thermography. Thermography, as a non-
destructive technique, is considered the most useful method because it can detect thermal values 
in envelops allowing for heat loss and moisture detection. However, current thermography 
methods mostly focus on handheld data collection (Dino et al., 2020; Yang, Su and Lin, 2018), 
which is not recommended for an energy audit for a group of buildings in a large district. As 
such, researchers have mounted thermal and RGB cameras on UASs for more efficient large 
district data collection.  

As shown in Figure 1, the data acquisition system used in this study included the drone (DJI 
M600), camera (FLIR Duo Pro R), control modules, and other equipment. The DJI M600 is a 
state-of-the-art aerial platform designed for industrial data collection. The FLIR Duo Pro R 
camera has both photographic and thermal lenses integrated into a single package that enables 
simultaneous RGB and thermal image data collection. Additionally, the control system allows 
to remotely operate the drones and the FLIR camera to collect data with the desired flight 
altitude and camera angles. 
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(1) Gimbal - Connection to DJI M600; (2) Gimbal - Frame for Camera; (3) FLIR DUO Pro R – Visible 
Lens Barrel; (4) FLIR DUO Pro R – IR Lens Barrel; (5) FLIR DUO Pro R – Electric Wires; (6) FLIR DUO Pro 

R – Integration Cable; (7) FLIR DUO Pro R – GPS Antenna Cable; (8) FLIR DUO Pro R – USB Cable. 

Figure 1: Cameras Setup for the Unmanned Aircraft System 

After both RGB and thermal images with designed image overlapping rates were collected with 
the drone, images were used to reconstruct 3D point cloud models over the survey areas using 
the photogrammetry technique. We collected over 10,000 images for both campus and city 
areas. There were over 12 buildings included for these two areas. Photogrammetry is the 
technology for 3D modeling of physical objects such as buildings, infrastructures, and their 
environment through the process of measuring and interpreting overlapped images. There are 
many well-established photogrammetry commercial software tools. We chose to use 
ContextCapture since this software provides an application programming interface (API) that 
support further extended developments, such as extracting parameters of image-orientation 
estimations to indicate the relative relationships between images and reconstructed 3D models 
(Fischer, Dosovitskiy and Brox, 2015; Verykokou et al., 2018). 

Photogrammetric modeling reconstructed by aerial images can support the investigation of 
groups of buildings in large districts. As shown in Figure 2 (a), a 3D point cloud model of some 
residential buildings was reconstructed by a series of aerial RGB images. To audit the heat-
related defects of these residential buildings, researchers can also reconstruct a 3D thermal 
model. Many current approaches directly use thermal images to build thermal-mapping models. 
We choose to use high-resolution RGB images to reconstruct a 3D RGB model and then project 
corresponding thermal information onto the RGB model to create a thermal point cloud model 
(Hou et al., 2021), as the FLIR camera can simultaneously take thermal and RGB images from 
the same angle and at the same altitude. Additionally, image-orientation estimations provided 
by ContextCapture support the data fusion process. Figure 2 (b) represents a 3D thermal model 
of a group of residential buildings created based on the RGB model in Figure 2 (a). In Figure 2 
(b), the dark purple color represents a lower thermal value and a lighter yellow color represents 
a higher value. Another example is a group of 3D models on a campus shown in Figure 2 (c) 
and (d). 
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(a) Reconstructed RGB Models in City Areas (b) Reconstructed Thermal Models in City Areas 

  
(c) Reconstructed RGB Models on a Campus (d) Reconstructed Thermal Models on a Campus 

Figure 2: 3D point clouds reconstructed by overlapped images 

2.2 Rendering 2D Images from a Reconstructed 3D model 
After the development of the 3D point cloud model as described in Section 2.1, the next step 
focus on how to use the model to audit heat loss. At this step it is important to recognize/classify 
door and windows elements in the model because those are the most relevant elements when 
auditing building façade heat loss. Therefore, in this step, we developed a process to render 2D 
images from the reconstructed 3D models. 

We created a virtual camera in the 3D model, which was essential for rendering images that we 
needed to investigate. In our study, we used the perspective projection, and the default camera 
position was at the origin and facing the negative Z-axis. To move the camera from its origin 
position to a position from which the façade image can be rendered, we defined a 4x4 matrix 
that contains rotation and transformation information, as shown in Eq. (1).  

[   
 𝑅𝑖𝑔ℎ𝑡𝑥 𝑅𝑖𝑔ℎ𝑡𝑦 𝑅𝑖𝑔ℎ𝑡𝑧 0𝑈𝑝𝑥 𝑈𝑝𝑦 𝑈𝑝𝑧 0𝐹𝑜𝑟𝑤𝑎𝑟𝑑𝑥 𝐹𝑜𝑟𝑤𝑎𝑟𝑑𝑦 𝐹𝑜𝑟𝑤𝑎𝑟𝑑𝑧 0𝑇𝑥 𝑇𝑦 𝑇𝑧 1]   

                                                 Eq. (1) 

First, we defined the 𝐹𝑜𝑟𝑤𝑎𝑟𝑑 vector. To set a camera position, the computer must know an 
initial point, which we refer to as the 𝐹𝑟𝑜𝑚 point. To know the camera’s orientation, the 
computer must also know the point at which the camera looks. We refer to as the 𝑇𝑜 point. As 
shown in Figure 3 (a), as an example, the 𝐹𝑟𝑜𝑚 point is (-5.0, 5.0, 5.0), and the 𝑇𝑜 point is (0.0, 
0.0, 0.0), and thus we define the 𝐹𝑜𝑟𝑤𝑎𝑟𝑑 vector as 𝐹𝑜𝑟𝑤𝑎𝑟𝑑 = 𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒 (𝐹𝑟𝑜𝑚 − 𝑇𝑜). 
Next, we define the 𝑇𝑒𝑚𝑝𝑜𝑟𝑎𝑟𝑦 vector, which does not have to be precise. The typical value 
is (0, 0, 1). Thus, the 𝑅𝑖𝑔ℎ𝑡  vector is perpendicular to the space that 𝐹𝑜𝑟𝑤𝑎𝑟𝑑 and 𝑇𝑒𝑚𝑝𝑜𝑟𝑎𝑟𝑦 create. Finally, Cartesian coordinates are defined by three mutually perpendicular 
vectors, and thus we can calculate the 𝑈𝑝 vector based on the 𝐹𝑜𝑟𝑤𝑎𝑟𝑑 and 𝑅𝑖𝑔ℎ𝑡 vectors. 
Note that 𝐹𝑜𝑟𝑤𝑎𝑟𝑑, 𝑅𝑖𝑔ℎ𝑡,  and 𝑈𝑝  vectors are mutually perpendicular, and they are all 
normalized unit vectors. Therefore, a rendered image by our current camera settings can be 
shown in Figure 3 (b). Additionally, we need to define the transformation vector 𝑇, which is 
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𝑇 = 𝐹𝑟𝑜𝑚 − 𝑂𝑟𝑖𝑔𝑖𝑛. Since the 𝑂𝑟𝑖𝑔𝑖𝑛 is (0, 0, 0), vector 𝑇 is the coordinate of the 𝐹𝑟𝑜𝑚 
point. 

 

(a) The Camera Aiming at a Point (b) The Image Can Be Rendered by Such Settings 

Figure 3: The Local Coordinate System of the Camera Aiming at a Point 

As we have defined the 4x4 rotation and transformation matrix, we can render façade images 
by the given pairs of 𝐹𝑟𝑜𝑚 and 𝑇𝑜 points. After we selected the 𝐹𝑟𝑜𝑚 points on streets and 
the 𝑇𝑜 points inside of buildings, the façade images can be then rendered. 

2.3 Training a Semantic Segmentation ANN Model 
In this step, we used an open source database to train a segmentation ANN model based on 
different algorithms. This open source dataset is annotated into eight classes (e.g. Loft, Top, 
Wall, window, Shop, Door, and Balcony), which is available from the studies of Mathias, et al., 
2016 and Simon et al., 2011 and can be freely downloaded from the webpage of Ecole Centrale 
Paris Facades Database (Teboul, 2008). The data contains 400 images for training and 100 
images for testing. The images of facades are taken from different cities including Paris, 
Barcelona, and San Francisco, among others. 

Many state-of-the-art ANN algorithms exist to train the segmentation models, including 
DeepLab, MaskRCNN, and Generative Adversarial Networks (GAN) (Goodfellow et al., 2014). 
Among these algorithms, GAN can learn density distributions of imagery datasets and explore 
their internal representations (Hou, et al., 2021). Additionally, as the detailed architecture of a 
GAN shows in Figure 4, the main difference between the GAN and other ANNs is that the 
GAN has two separated networks including a generator network and discriminator network; 
therefore, the GAN architecture is more flexible than other neural network approaches. The 
function of the discriminator network is to decide if the generated samples are similar to the 
ground truth samples, and the differences are calculated by the loss function. Further, the 
backpropagation improves the parameters in generator and discriminator networks based on the 
loss function. After several epochs, the samples generated by the generator network evolve 
from random noise to predicted results, and then the model is trained for use in testing datasets. 
As previously discussed, the GAN architecture is flexible. Thus, it is easy for us to replace the 
network architecture. We choose to use two different network architectures to build the 
generator network including “Resnet+9 blocks” and “Unet256”. 

Image 
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Figure 4: The Detailed Architecture of a GAN 

2.4 Segmentation Results and Evaluation of the Proposed Approach 
As rendering the façade images and building the semantic segmentation ANN model, we were 
able to use the trained model to evaluate the segmentation results of the rendered images. We 
applied trained ANN models (both “Resnet+9 blocks” and “Unet256” versions) on two datasets, 
including the campus and city areas as shown in Figure 2. As for the evaluation metrics, we 
chose two evaluation criteria to analyze the performance of the proposed method: (1) an 
accuracy analysis of the segmentation performance on the open source datasets, and (2) a 
performance analysis on the rendered images. 

We applied four methods to evaluate the segmentation performance on images, including (1) 
precision, (2) recall, (3) Jaccard/intersection-over-union (IOU), and (4) the dice coefficient /F1-
score, as shown in Eqs. (2-5). In these equations, 𝑇𝑃 (true positive) represents the area of 
overlap between the predicted segmentation and the ground truth in the images. 𝐹𝑃  (false 
positive) represents the areas that belong to the correct class but that the algorithms cannot 
recognize, and 𝐹𝑁 (false negative) represents the areas that do not belong to the correct class, 
but that the algorithms incorrectly recognize them do. Using 𝑇𝑃, 𝐹𝑃 and 𝐹𝑁, we can calculate 
the evaluation metrics. Precision, also known as positive predictive value, is the fraction of the 
correctly classified area among the actual result area in the ground truth images. Recall, also 
called sensitivity, is the fraction of the correctly classified pixel area among the predicted result 
area in the predicted images. Next, IOU, is the fraction of the correctly classified pixel area 
among the union areas of the actual result areas and predicted result areas. Last, F1 is a harmonic 
mean that combines precision and recall score. 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 𝑇𝑃 𝑇𝑃+𝐹𝑃                                                                          Eq. (2) 𝑅𝑒𝑐𝑎𝑙𝑙 = 𝑇𝑃 𝑇𝑃+𝐹𝑁                                                                          Eq. (3) 𝐼𝑂𝑈 = 𝑇𝑃𝑇𝑃+𝐹𝑃+𝐹𝑁                                                                         Eq. (4) 𝐹1 =  2𝑇𝑃2𝑇𝑃+𝐹𝑃+𝐹𝑁                                                                         Eq. (5) 

3. Experiment 
Thermography inspection needs a special experimental condition in which the temperature 
difference between the indoors and outdoors should be at least 10 °C (18 °F) (FLIR Systems, 
2011). To meet this requirement, inspections need to be conducted in a hot summer or a cold 
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winter. However, the sun radiation can cause an inaccurate façade temperature measurement 
and further impact the cooling energy loss audits. Therefore, thermography inspection on hot 
days is usually conducted in early morning or late afternoon to avoid sun radiation. However, 
it is still difficult to guarantee the needed temperature differences during such inspection times 
in the summer. Considering these facts, we conducted a heat loss inspection on a college 
campus and in a city area during a cold winter in Karlsruhe, Germany. In collecting data for 
our experiments, room temperatures were higher (the average temperature was 17 °C (63 °F) 
for indoor spaces when the research was conducted), and the outside ambient temperatures were 
lower (the outdoor temperature was -5 °C (23°F) in the early morning). 

The open source dataset in which the cameras were set on the ground is annotated into 8 classes. 
However, we only focused on two categories (doors and windows) related to the heat loss audits 
for this study. As shown in Figure 5, Figure 5 (a) and (e) are two examples in the open source 
datasets, (b) and (f) are ground truths for these two examples, (c) and (g) are segmentation 
results for these two examples, and (d) and (h) are segmentation results using another algorithm. 

    
(a) Example One: an 

RGB Image 
(b) Example One: 

Ground Truth 
(c) Example One: 

Prediction Result Using 
Resnet + 9 Blocks 

(d) Example One: 
Prediction Result Using 

Unet256 

    
(e) Example Two: an 

RGB Image 
(f) Example Two: 

Ground Truth 
(g) Example Two: 

Prediction Result Using 
Resnet + 9 Blocks 

(h) Example Two: 
Prediction Result Using 

Unet256 

Figure 5: Building the segmentation models 

For next step, we used the two segmentation models built using “Resnet” and “Unet” to predict 
rendered images from the 3D point cloud models. Figure 6 (a) is an example of buildings in a 
city area, and Figure 6 (b) is another example for the campus buildings. A virtual camera was 
set in the 3D model, and a façade image with its ground truth were rendered. 
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(a) Example One: an RGB Image (b) Example Two: Ground Truth 

Figure 6: Segmentation on Rendered Images 

4. Results and Discussion 
Based on the Eqs. (2-5), we conducted accuracy analysis of the segmentation performance for 
the open source datasets and performance analysis for the rendered images, as shown in Figure 
7. We also used the segmentation model trained by open source datasets to predict the 
segmentation on rendered images, and the accuracy analyses are also shown in Figure 7. 

  
(a) Performance Analysis for Door Class (b) Performance Analysis for Window Class 

Figure 7: Segmentation Performance Analysis 

We also plotted a Precision-Recall curve (PRC) as shown in Figure 8. The blue color represents 
“Resnet+9blocks” GAN algorithm, and red represents “Unet256” GAN algorithm. As the 
yellow lines shown in figure (a), the ideal test should have a PRC that passes through the upper 
right corner representing the 100% precision and 100% recall. In general, the closer the blue or 
red area is to the yellow lines, the better the performance.  

There were some important findings from the results. First, as the results in Figure 7 show, 
“Resnet+9blocks” outperformed “Unet256” in all cases except predicting door class in rendered 
images from the campus datasets. Second, in general, predicting window class was more 
accurate than predicting door class. The blue areas are always on top of the red areas in Figure 
8. This is potentially because of the unbalanced datasets. In every image in the datasets, there 
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were more pixels belonging to window class than pixels belonging to door class. A solution 
needs to be found for this unbalanced dataset issue in future studies. Third, in general, our 
proposed approach performed better in city datasets than in campus datasets, potentially 
because the building styles in the open source are closer to the styles in city datasets. 

Figure 8: Precision-Recall Curve 

5. Conclusion and Outlook 
Our results show that a 3D point cloud model can be created using aerial images and that 
rendered façade images for segmentation can be successfully generated by a virtual camera in 
the model. As the results show, the segmentation accuracy decreases from the evaluation of the 
segmentation performance on the open source datasets to the evaluation of the rendered images. 
Particularly, the performance decreases more when using the “Unet256” algorithm. Second, the 
accuracy of segmenting windows is higher than segmenting doors. Finally, the results show that 
the accuracy of semantic segmentation is higher when the approach is conducted on buildings 
in a city than in a university campus. In the future, there is a need to consider the unbalanced 
dataset issue related to the higher incidence of windows objects when compared to door objects 
on existing databases. Additionally, there are two options for improving the segmentation 
performances; one is by improving the quality of the rendered images, and the other one is by 
improving the segmentation algorithms.  
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Abstract.  Thermal bridges are weak areas of building envelopes that conduct more heat to the 

outside than surrounding envelope areas. They lead to increased energy consumption and the 

formation of mold. With a neural network approach, we demonstrate a method of automatically 

detecting thermal bridges on building rooftops from panorama drone images of whole city 

districts. To train the neural network, we created a dataset including 917 images and 6895 

annotations. The images in the dataset contain thermal information for detecting thermal bridges 

and a height map for rooftop recognition in addition to regular RGB information. Due to the small 

dataset, our approach currently only has an average recall of 9.4% @IoU:0.5-0.95 (14.4% for large 

objects). Nevertheless, our approach reliably detects structures only on rooftops and not on other 

parts of buildings, without any additional segmentation effort of building parts.  

1. Introduction 

In 2017, building constructions and operations accounted for 36% of global final energy use 

worldwide and about 40% of energy‐related carbon dioxide emissions (GlobalABC, 2018). 
Thermal energy is a particularly relevant component of this: more than a half of current global 

household energy use is for space and water heating (IEA, 2014). In addition to high energy 

standards for new buildings, the energy retrofit of old buildings plays an important role. 

While new construction adds annually 1% or less to the existing building stock, the other 99% 

of buildings already existed in the year prior (Power, 2008).  

To develop energy-saving approaches for existing buildings in cities, strategies on different 

aggregation levels can be considered: at the single building scale, the district scale, and the 

full-city scale. The district scale, the intermediate level between the city and the building 

scale, is coming increasingly into the focus of building science and urban transition planning. 

The main strengths of the district scale for the building energy retrofit are summarized by 

Riechel (2016): Compared to measures for single buildings, measures for whole districts 

provide the possibility of cost digressions and other economies of scale for energy 

improvements. For example, the planning and implementation of retrofit measures such as the 

purchase of retrofit material can be cheaper for a large demand in a small area at the same 

time. Compared to the city scale, the closeness between habitants and building owners 

contributes to neighborhood-dynamics in districts. Informal communication among neighbors 

("neighborhood gossip") or the copying of a building retrofit in the neighborhood by other 

owners can have benefits for implementing energy improvement measures. (Riechel, 2016) 

There are approaches to systematically use the advantages of the district scale to push urban 

transition and the retrofit of buildings. One of the most frequently practical and standardized 

approaches in this field is from Germany called “energetisches Quartierskonzept” (EQ). It 
describes a policy plan that intends to improve the energy quality of private and public 

buildings and the energy infrastructure of a whole city district. So far, more than 1,000 EQs 

have been financially supported by the German government (BES, 2020). 

mailto:zoe.mayer@partner.kit.edu
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To identify districts with a high need for energy retrofits and to develop effective measures 

for substantially improving the energy quality of a district, an initial thermal quality analysis 

of existing buildings is necessary. Currently, such analyses on district scale are expensive and 

time consuming (Riechel et al., 2016; Neußer, 2017). Therefore, approaches that allow for 

automatic and simplified analyses are crucial for a higher efficiency of EQs and other retrofit 

planning approaches. 

With the help of unmanned aerial vehicles (UAV, drones), it is possible to collect thermal 

panorama images of many buildings from different angles with relatively little effort and cost 

but with a high resolution. A distinction is made between quantitative and qualitative 

thermography. In quantitative thermography, absolute temperatures are measured as precisely 

as possible. The process is highly dependent on environmental parameters, the infrared 

camera used, and the qualifications of the thermography staff. Qualitative thermography, on 

the other hand, is simpler. It focuses on temperature distributions and differences. Thermal 

bridges in particular can be easily identified in qualitative images. (Volland et al., 2016) 

A thermal bridge is an area of the building envelope that conducts heat easily, thus 

transporting heat from the warmer inside to the colder outside faster than it does through the 

adjacent areas. This is caused by different thermal conductivities of used materials or the 

geometry of constructions. Air leaks can also be subsumed under the term thermal bridge 

(Schmidt and Windhausen, 2018). Thermal bridges cause high energy losses which can make 

up to one third of the transmission heat loss of an entire building. Additionally, they lead to 

the collection of moisture, which in the long term degrades the building fabric or causes 

mould. A thermal bridge can be seen on a thermographic image as an area with an increased 

thermal radiation relative to adjacent areas. (Schild, 2018).  

2. Research approach 

In this study, we analyse how drone-based thermal images can be used for a simple analysis 

of the thermal quality of building envelopes on district scale. To do so, we investigate the 

quality of thermal panorama images obtained by drones and analyse how artificial intelligence 

can help to automatically detect thermal bridges. We focus on thermal bridges on rooftops as 

they are difficult to access with conventional thermography from terrestrial images. 

To motivate our research, we first provide an overview about which publications and studies 

are known to us in the field of automated computer vision approaches to detect thermal 

bridges of buildings. We focus on studies that work with imagery data obtained by non-

stationary recording approaches - especially with drones - suitable for recording images on 

district scale.  

In the main part of our work, we demonstrate a method to automatically detect thermal 

bridges on building rooftops in thermal aerial images using a neural network. We employ 

existing solutions from the domain of object detection to learn to identify the size and location 

of thermal bridges within each image. For this, we create a dataset of drone images with 

annotations of thermal bridges on building rooftops. Each image of the dataset consists of a 

combination of a thermal image, an RGB1 image recorded from the same angle and converted 

to the same format, and height information for each pixel (Hou et al., 2021 - a). We select a 

training dataset for the neural network composed of a subset of the images, and validate our 

results on the remainder of the dataset. 

                                                 
1 Red, Green, Blue 
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3. Related work 

Non-stationary thermography with the help of cars and drones for the analysis of buildings is 

becoming increasingly important in thermography studies. The advantage of drones compared 

to terrestrial methods is that the entire envelope of buildings (including rooftops) can be 

thermographically assessed. In addition, the influence of facade covering (e.g. by trees or 

pedestrians walking past) is less prevalent from the bird’s eye view.  
Publications in the field of automated thermal bridge detection from thermal images obtained 

with non-stationary cameras are from Garrido et al. (2018), Macher et al. (2020), Martinez-de 

Dios and Ollero (2006), and Rakha et al. (2018). To automatically detect thermal bridges 

these publications work with different threshold approaches for temperature differences in the 

images. They record close-up images of single buildings from different angles, but do not 

work with panorama images that cover multiple buidlings. Moreover, they use small datasets 

to validate their approaches and do not focus on entire districts. Garrido et al. (2018) place an 

infrared camera on the roof of a vehicle to record images at an angle of 45°. The proportion of 

unrecognized or incorrectly declared thermal bridges is 32% for a test set of three images. 

Macher et al. (2020) also install their infrared camera on a vehicle and conclude being able to 

reliably detect thermal bridges between floors and under balconies. No quantitative 

information is given on the precision of the used algorithm. Martinez-de Dios and Ollero 

(2006) use a thermal camera placed on a drone helicopter. According to the authors this 

approach is suitable for detecting thermal bridges on windows. The study lacks precise quality 

information for evaluating the results. Rakha et al. (2018) also use a drone with a thermal 

camera to record close-up images of buildings from the air. They state the overall precision of 

their algorithm of about 75%.  

As thermal panorama images contain many different buildings from changing angles and 

infrastructure in between (e.g. trees, trams, cars, streets, street lights) classic threshold 

approaches appear unsuitable for the automatic detection of thermal bridges. This is because 

thermal bridges change in shape from different angles and high temperature differences often 

occur on objects in the image which are not buildings.  For successful thermal bridge 

detection on panorama images deep learning approaches are very promising, as complex 

objects such as buildings, certain building parts on that thermal bridges occur (e.g. rooftops), 

and various thermal bridge types with different shapes can be recognized. 

A recent study by Kim et al. (2021) works with a deep learning approach to detect thermal 

bridges from terrestrial thermographic images. The study uses a method including thermal 

anomaly area clustering, feature extraction, and an artificial-neural-network-based thermal 

bridge detection. The average precision of the detection of thermal bridges is for eight test 

images 89%. However, the images used are close-ups of buildings and cannot be compared to 

panorama images. To the best of our knowledge there is no study that aims to detect thermal 

bridges in an entire district on thermal panorama images using deep learning approaches. 

4. Dataset 

Our dataset of Thermal Bridges on Building Rooftops (TBBR dataset) consists of combined 

RGB and thermal panorama drone images with a height map (Figure 1). The raw images for 

our dataset were recorded with a normal (RGB) and a FLIR-XT2 (thermal) camera on a DJI 

M600 drone. We converted all images to a uniform format of 2400x3200 pixels. They contain 

RGB, thermal, and GPS information as well as flight altitudes (between 60-80m above 

ground). The GPS and flight altitude information were used to reconstruct a 3D model out of 
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the 2D images to create the height map. We hypothesize that this will significantly simplify 

the task of learning to ignore street-level sections of the images and focus instead on rooftops. 

The drone images show parts of the Karlsruhe city centre, east of the market square. The 

recorded area can be divided into six large city blocks of around 20 buildings per block. 

Because of a high overlap rate of the images, the same buildings are on average about 20 

times on different images, recorded from different angles. The dataset contains a total of 5698 

images before preselection. During preselection, all images containing no thermal bridges 

were filtered out, as well as images that are blurred due to rapid turns or other fast movements 

of the drone. A total of 917 images remain after preselection. 

All images were recorded during a drone flight on March 19, 2019 from 7 a.m. to 8 a.m. At 

this time, temperatures were between 3.78 ° C and 4.97 ° C, humidity between 80% and 98%. 

There was no rain on the day of the flight, but there was 2.3mm/m² 48 hours beforehand.2 For 

recording the thermographic images an emissivity of 1.0 was set. The global radiation during 

this period was between 38.59 W / m² and 120.86 W / m², hence the solar radiation was high 

enough to visually classify the geometric and structural conditions on the RGB images, but 

not so high that the surface temperatures of thermal bridges and surrounding components 

change significantly, thus making it difficult to identify thermal bridges. No direct sunlight 

can be seen visually in any of the recordings. 

 

Figure 1: Drone images of the city centre of Karlsruhe used for the TBBR dataset A) thermal image B) 

RGB image C) image with height information (height map) 

The annotated images of the TBBR dataset contain a total of 6895 annotations. The 

annotations only include thermal bridges that are easily identifiable, and thus also include 

thermal bridges that are not annotated. Because of the image overlap each thermal bridge is 

annotated on average about 20 times from different angles. An example image with 

annotations is shown in Figure 2. We have published the dataset with further information in 

Mayer et al. (2021). 

                                                 
2  The total absence of moisture can therefore not be fully guaranteed. Moisture falsifies the recording of 

thermographic images. We recognized puddles on some flat rooftops and removed corresponding images from 

the dataset during the preselection process; otherwise we could not detect any significant moisture visually on 

the RGB images. 
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Figure 2: Example of thermal bridge annotations in the TBBR dataset for the example shown in Figure 

1. Colours are only for clarity and do not have any other meaning.3 

5. Experimental procedure  

5.1 Data pre-processing 

To prepare the datasets, we align thermal images and height images onto RGB images via a 

process called image registration (Hou et al., 2021 - a). Since on the collected images, fisheye 

effects occur (called radial distortion) and the lens is not aligned parallel to the imaging plane 

(called tangential distortion), we must resolve these two distortions before image registration. 

Distortions can be solved by 𝑥𝑐𝑜𝑟𝑟,𝑟𝑎𝑑 = 𝑥(1 + 𝑘1𝑟2 + 𝑘2𝑟4 + 𝑘3𝑟6)   
 -𝑦𝑐𝑜𝑟𝑟,𝑡𝑎𝑛𝑔 = 𝑦 + [𝑝1(𝑟2 + 2𝑦2) + 2𝑝2𝑥𝑦]    ). In these 

equations, (𝑥, 𝑦) represents a point before correction, and (𝑥𝑐𝑜𝑟𝑟 , 𝑦𝑐𝑜𝑟𝑟 ) represents a point 

coordinate after correction. Many collected pairs of coordinates of  (𝑥, 𝑦) and (𝑥𝑐𝑜𝑟𝑟 , 𝑦𝑐𝑜𝑟𝑟) 
from a collection of calibration images enable the calculation of the distortion coefficients 

(𝑘1, 𝑘2, 𝑘3, 𝑝1, 𝑝2). The coefficients (𝑘1, 𝑘2, 𝑘3) are radial distortion coefficients and (𝑝1, 𝑝2) 

are tangential distortion coefficients.  𝑥𝑐𝑜𝑟𝑟,𝑟𝑎𝑑 = 𝑥(1 + 𝑘1𝑟2 + 𝑘2𝑟4 + 𝑘3𝑟6)    (1) 𝑦𝑐𝑜𝑟𝑟,𝑟𝑎𝑑 = 𝑦(1 + 𝑘1𝑟2 + 𝑘2𝑟4 + 𝑘3𝑟6)    (2) 𝑥𝑐𝑜𝑟𝑟,𝑡𝑎𝑛𝑔 = 𝑥 + [2𝑝1𝑥𝑦 + 𝑝2(𝑟2 + 2𝑥2)]    (3) 𝑦𝑐𝑜𝑟𝑟,𝑡𝑎𝑛𝑔 = 𝑦 + [𝑝1(𝑟2 + 2𝑦2) + 2𝑝2𝑥𝑦]    (4) 

After undistorting all images, we aligned thermal and height images onto the RGB images 

using [𝑥𝑡ℎ𝑒𝑟𝑚𝑎𝑙, 𝑦𝑡ℎ𝑒𝑟𝑚𝑎𝑙] = 𝑇𝑅𝐺𝐵→𝑡ℎ𝑒𝑟𝑚𝑎𝑙 ∗ [𝑥𝑅𝐺𝐵 , 𝑦𝑅𝐺𝐵]  - [𝑥𝑡ℎ𝑒𝑟𝑚𝑎𝑙 , 𝑦𝑡ℎ𝑒𝑟𝑚𝑎𝑙] =
                                                 
3 The borders of the thermal bridge annotations show a slight distortion. The reason for this lies in the data pre-

processing and is explained and discussed in more detail in Section 7. 
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𝑇ℎ𝑒𝑖𝑔ℎ𝑡→𝑡ℎ𝑒𝑟𝑚𝑎𝑙 ∗ [𝑥ℎ𝑒𝑖𝑔ℎ𝑡, 𝑦ℎ𝑒𝑖𝑔ℎ𝑡]  . In these equations, 𝑇𝑅𝐺𝐵→𝑡ℎ𝑒𝑟𝑚𝑎𝑙  and 𝑇ℎ𝑒𝑖𝑔ℎ𝑡→𝑡ℎ𝑒𝑟𝑚𝑎𝑙 represent transformation matrices that transform pixels from RGB images to 

thermal images and pixels from height images to thermal images.  [𝑥𝑡ℎ𝑒𝑟𝑚𝑎𝑙, 𝑦𝑡ℎ𝑒𝑟𝑚𝑎𝑙] = 𝑇𝑅𝐺𝐵→𝑡ℎ𝑒𝑟𝑚𝑎𝑙 ∗ [𝑥𝑅𝐺𝐵, 𝑦𝑅𝐺𝐵]  (5) [𝑥𝑡ℎ𝑒𝑟𝑚𝑎𝑙, 𝑦𝑡ℎ𝑒𝑟𝑚𝑎𝑙] = 𝑇ℎ𝑒𝑖𝑔ℎ𝑡→𝑡ℎ𝑒𝑟𝑚𝑎𝑙 ∗ [𝑥ℎ𝑒𝑖𝑔ℎ𝑡, 𝑦ℎ𝑒𝑖𝑔ℎ𝑡]  (6)     

Lastly, we connected the registered thermal and height images to the RGB images to produce 

single 5-channel images (RGB + thermal + height). 

5.2 Neural network details 

To identify thermal bridges, we employed a neural network to perform object detection and 

segmentation. Formally, the task is defined as follows: given a set 𝑋 containing input images 𝑥𝑖 ∈ 𝑅𝑁∗𝐻∗𝑊∗𝐶 , with image height 𝐻 , width 𝑊 , and channels 𝐶 ; and a corresponding 

annotation set 𝑌 containing bounding boxes 𝑦𝑖,𝑏𝑜𝑥 ∈ 𝑅𝑁∗4, where 4 represents the coordinates 

of the box’s four corners, class labels 𝑦𝑖,𝑐𝑙𝑠 ∈ 𝑅𝑁, and masks 𝑦𝑖,𝑚𝑎𝑠𝑘 ∈ 𝑅𝑁∗𝐻∗𝑊, where 𝑁 is 

the number of annotated object in the given image; learn the mapping 𝐹: 𝑋 → 𝑌, where 𝐹 

denotes a neural network. 

In this work the neural network is the Mask R-CNN framework (He et al., 2017) with a 

ResNet-18 (He et al., 2016) backbone implemented in the Detectron2 software package (Wu 

et al., 2019). We select this architecture for two key reasons: firstly, the ResNet architecture 

has consistently proven to perform at state-of-the-art (SOTA) levels (e.g. as in Bello et al. 

(2021)); and secondly, self-supervised training methods offer a means of achieving SOTA 

performance with limited labelled samples. The latter point is discussed further in section 7 

and motivates the use of a neural network over classical approaches. 

Figure 3 shows the basic structure of Mask R-CNN. It consists of two stages: the first uses a 

Region Proposal Network (RPN) to propose candidate regions of interest (ROI); the second 

uses a (convolutional) backbone to extract features which are then used to perform object 

classification and bounding box regression, as well as prediction of a binary segmentation 

mask. The former is performed via fully connected layers on the extracted features, while the 

latter uses further convolutional layers. In practice, learned features are shared by both stages 

to speed up processing. 

 

Figure 3: The Mask R-CNN framework 
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Mask R-CNN uses a multi-task loss on every proposed region of interest:  𝐿 = 𝐿𝑐𝑙𝑠 + 𝐿𝑏𝑜𝑥 +𝐿𝑚𝑎𝑠𝑘 . 𝐿𝑐𝑙𝑠  is the categorical cross-entropy loss across 𝐾 + 1  output predictions for 𝐾 

component classes, plus an additional catch-all class for proposed regions containing only 

background. 𝐿𝑏𝑜𝑥 is the bounding box regression (mean squared error) over the predict box 

corners. 𝐿𝑚𝑎𝑠𝑘 is the average binary cross entropy across all pixels in the mask. These are 

described in further detail in He et al. (2017). Note that for the experiments reported in this 

work we use a single annotation class (i.e. K=1). 

The dataset images were split into 717 training images and 200 test images corresponding to 

five and one of the city blocks described in the  section above, respectively. Training was 

performed for 30,000 iterations at a batch size of eight, with random weight initialisation (i.e. 

no pre-training). The remaining hyper-parameter configurations were set to the Detectron2 

defaults for the “mask_rcnn_R_50_FPN_3x_gn” model from the Detectron2 model zoo 
templates, with only changes the number of ResNet layers (18) and the pixel value means 

(130, 135, 135, 118, 118) and standard deviations (44, 40, 40, 30, 21) for (B, G, R, thermal, 

height) used by Detectron2 to normalise the inputs. These values were calculated from the full 

set of training images. 

6. Results  

To evaluate the performance of our training, we use the Average Recall (AR) metric, defined 

as: 𝐴𝑅 = 𝑇𝑃𝑇𝑃+𝐹𝑁      (7) 

where TP and FN refer to the number of true positive and false negative object predictions, 

respectively. The AR measures the probability of objects in an image being detected. Since 

not every thermal bridge in the dataset is annotated, we do not report any metrics that work 

with false positives (such as Average Precision). These metrics are guaranteed to 

underperform as even correctly predicted thermal bridges will be reported as false positives if 

the corresponding annotation does not exist. 

To determine which predicted bounding boxes correspond to correct predictions, the 

Intersection-over-Union (IoU) is measured between the predicted and ground truth boxes as: 𝐼𝑜𝑈 = 𝑎𝑟𝑒𝑎(𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑∩𝑡𝑟𝑢𝑒)𝑎𝑟𝑒𝑎(𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑∪𝑡𝑟𝑢𝑒)     (8) 

For a given IoU threshold, predicted bounding boxes that have an IoU with an annotated 

thermal bridge’s bounding box above the threshold are considered true positives. Any 
annotated thermal bridges without a prediction satisfying this are considered false negatives. 

Table 1 shows the metric scores for various common variants of the AR metric. An IoU range 

(i.e. IoU=0.5:0.95) indicates the AR is averaged over the given interval. An area of medium 

or large corresponds to objects of area between 322 and 962, and greater than 962 pixels, 

respectively. Max. detections indicates the score given the N highest confidence predictions4. 

We note immediately the comparatively low scores, which we attribute to the low number of 

annotated examples relative to the large image sizes and sparsity/small size of thermal 

bridges. Notably, the network performs better at larger scales, which is likely due to larger 

                                                 
4Although often reported in object detection tasks, we do not report small (less than 322 pixels) thermal bridges 

as the smallest present in our dataset is 552 pixels. 
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thermal bridges being less ambiguous with regards to non-thermal bridge heat spots in an 

image. 

An interesting result, however, is the location of predicted thermal bridges, regardless of their 

accuracy. All predictions are on or overlapping with rooftops, indicating the network has an 

awareness of sensible locations for thermal bridges. We find that this result is consistent 

across all test images. We posit that this is due to the inclusion of the height map as a signal to 

the neural network of where to look for thermal bridges. We plan to perform further ablation 

studies to confirm this. 

Given the dataset was produced by a single fly over of six city blocks, some portions of the 

test dataset images are also present in the training images from different angles. In these 

instances we note that the neural network has overfitted those thermal bridges and predicts 

them with at or near 100% confidence. Nonetheless, the network is able to identify thermal 

bridges unique to the test dataset, albeit with lower confidence and IoU. We expect this to 

improve with the training techniques discussed in the next section. 

Table 1: Bounding box regression metrics on the test images dataset 

Metric Area Max. detections Score 

AR @ IoU=0.50:0.95 All 1 0.052 

AR @ IoU=0.50:0.95 All 10 0.142 

AR @ IoU=0.50:0.95 All 100 0.142 

AR @ IoU=0.50:0.95 Medium 100 0.114 

AR @ IoU=0.50:0.95 Large 100 0.196 

7. Discussion  

The Average Recall achieved is not currently suitable for thermal bridge detection; however it 

does provide a baseline score for prediction with a modern computer vision approach directly 

on the TBBR dataset. This represents a departure from previous approaches which relied on 

complex multi-stage solutions (as in Rakha et al. (2018)) or fine-tuning of clustering and 

feature extraction preprocessing steps (as in Kim et al. (2021)). 

A key limitation in this work is the comparatively small number of images available for 

training. This is due to the time required to manually annotate each image. While we used a 

total of 917 images, common benchmarks often contain hundreds of thousands (e.g. COCO) 

or even tens of millions (e.g. Imagenet) of images.  

We therefore plan to implement a self-supervised pretext task to maximise the use of 

collected images. Specifically, we intend to utilise the work from Hou et al. (2021 - b) to first 

train a neural network to predict thermal images from RGB and use these predicted images, 

along with the real thermal and the height information, as input to the Mask R-CNN network. 

This approach is similar to that of the Split-Brain Autoencoder described by Zhang et al. 

(2017). We hypothesise that the predicted thermal images will be nearly identical to the real 

thermal images, with only the thermal bridges missing5, thus simplifying the network’s task 
significantly to learn to locate the appropriate differences between the two. If successful, this 

                                                 
5 The assumption here is that thermal bridges are only visible from the thermal image, which is of course the 

original motivation for including thermal images in this project in the first place. 
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would allow full use of all (non-blurry) drone images captured, not only those on which the 

laborious task of annotation has been performed. 

In order to increase the size of the dataset, it is also possible to use panorama images collected 

from other sources. Since our approach is based on qualitative thermography, the weather 

conditions and temperatures when recording new images do not have to be identical to the 

existing dataset (Volland et al., 2016). However, the temperature contrast of new annotated 

thermal bridges should be high enough to detect, which is the case when there is a difference 

of more than 10°C between indoor and outdoor temperatures. The distances of the drone to 

the buildings can also vary, however thermal images with more than 20m distance to the 

measurement object should be checked in all individual cases for appropriate quality (Fouad 

and Richter, 2012). 

8. Conclusion 

We have reported an overall average recall of 14.2% at IoU:0.5-0.95, and 19.6% at IoU:0.5-

0.95 for large thermal bridges. We demonstrated the ability of the neural network to propose 

predictions in reasonable locations (i.e. rooftops only) which we posited is due to the addition 

of height information to the input images. While this work has shown a promising first result 

in identifying individual thermal bridges from drone images, we believe there is still 

significant potential for improvement to be made using a self-supervised pretext task to 

maximise the information obtain from the entire set of collected images.  

This work focuses on a cost-effective and scalable approach to assess thermal bridges using 

thermographic images from drones. In future, we intend to use financial and environmental 

criteria to estimate which buildings in a district the retrofit of thermal bridges is recommended 

and when buildings should be retrofitted more extensively. 
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A B S T R A C T

Thermal bridges are weak points of building envelopes that can lead to energy losses, collection of moisture,
and formation of mould in the building fabric. To detect thermal bridges of large building stocks, drones with
thermographic cameras can be used. As the manual analysis of comprehensive image datasets is very time-
consuming, we investigate deep learning approaches for its automation. For this, we focus on thermal bridges
on building rooftops recorded in panorama drone images from our updated dataset of Thermal Bridges on
Building Rooftops (TBBRv2), containing 926 images with 6,927 annotations. The images include RGB, thermal,
and height information. We compare state-of-the-art models with and without pretraining from five different
neural network architectures: MaskRCNN R50, Swin-T transformer, TridentNet, FSAF, and a MaskRCNN R18
baseline. We find promising results, especially for pretrained models, scoring an Average Recall above 50%
for detecting large thermal bridges with a pretrained Swin-T Transformer model.
1. Introduction

The emissions of carbon dioxide (CO2) from the operation of build-
ings have increased to their highest level yet to around 27% of total
global energy-related CO2 emissions [1]. Thermal energy is particularly
pertinent as more than half of global household energy use is for space
and water heating [2]. A common reason for heat losses of buildings
are thermal bridges. Thermal bridges are areas of the building envelope
with low thermal resistance that conduct heat faster from the warmer
inside to the colder outside than adjacent areas. Reasons for this are
the geometry of constructions, different thermal conductivities of used
materials, or air leaks of the building envelope. Energy losses caused
by thermal bridges can make up to one third of the transmission heat
loss of an entire building [3]. Moreover, they may lead to dampness
and mould growth, which in the long term degrades the building
fabric and is associated with health concerns caused by poor indoor
air quality. For buildings inhabitants, thermal bridges also can lead to
uncomfortable spaces due to cold interior surfaces [4,5].

To detect thermal bridges, thermography is currently the state-of-
the-art [6]. Recording thermographic images with a terrestrial cam-
era is a method that has been used for building audits and thermal
bridge detection for many years [7]. Classical terrestrial thermography,

∗ Corresponding author.
E-mail addresses: zoe.mayer@partner.kit.edu (Z. Mayer), james.kahn@kit.edu (J. Kahn).

1 Sometimes referred to as Unmanned Aerial Systems (UAS) that also include a drone pilot and the controlling system.

though, lacks the ability to record rooftops or other parts of high build-
ings inaccessible from the ground [8]. Moreover, manually recorded
thermographic images are not suitable for efficiently analysing the
thermal quality of multiple buildings within a short time due to the
time-consuming nature of the method and property rights, which only
allow the capturing of street-views without owner permissions to enter
properties [9,10]. The analysis of many buildings at urban scales,
however, is becoming increasingly in demand. Examples include the
development of retrofit plans for whole city districts like Community
Energy Strategic Planning in the USA [11], Community Energy Plan-
ning in Canada [12], Positive Energy Districts in Europe [13], and
‘‘energetische Quartierskonzepte’’ in Germany [14].

To use thermography in urban environments, Unmanned Aerial
Vehicles (UAVs, drones)1 can be used for the scalable and automated
recording of building images [8]. In this work, we compare the ability
of five popular, state-of-the-art neural network architectures to auto-
matically detect thermal bridges in aerial panorama images obtained
using drones. In doing so, we also investigate the benefits of utilising
additional height map information. We focus exclusively on thermal
bridges of building rooftops as they can be exceptionally well captured
from the aerial perspective. To perform this investigation, we utilise
open-source computer vision libraries and analyse an updated Thermal
926-5805/© 2022 The Authors. Published by Elsevier B.V. This is an open access a
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Bridges on Building Rooftops (TBBRv2). We have made the dataset,
code, and all neural network configurations used in this work pub-
licly available on Zenodo [15] and https://github.com/Helmholtz-AI-
Energy/TBBRDet.

2. Related work

Non-stationary thermography with automated thermal bridge detec-
tion software has been investigated to speed up and simplify the process
of building audits for large building stocks. In 2018, Garrido et al. [16]
performed a study where they placed an infrared camera on the roof
of a vehicle to record images of a building facade at an angle of 45°.

hey used an automatic detection approach and characterised thermal
ridges based on geometric properties, measured temperature differ-
nces, and the calculation of the thermophysical properties of the linear
eat transfer. The proportion of false positive detected thermal bridges
as 45%, the proportion of missing thermal bridges was 32%, and the
ataset used to evaluate the methodology only includes three images
hown in the publication. Macher et al. [17] also installed an infrared
amera on a vehicle. They intended to detect windows and thermal
ridges by taking geometric and thermal characteristics into account
nd by modelling a thermographic 3D point cloud. For identification
hey used an iterative histogram approach to analyse global and local
emperature maxima. They were able to reliably detect thermal bridges
etween floors and under balconies, and most windows could also be
ecognised automatically. The authors stated that windows located on
he ground floor or basement are difficult to extract due to the limited
ield of view of the camera. Windows behind plants or objects cannot
e detected in this way either. No quantitative information was given
n the precision of the used algorithm.

A disadvantage of thermography with terrestrial vehicles is that no
ooftops and only low facades facing the street can be analysed. Drones
vercome this limitation. Due to their almost unlimited mobility, the
ntire outer envelope of a building can be recorded. In addition,
he interference due to facade covering by e.g. trees or pedestrians
alking past is reduced. Therefore, research is increasingly focusing
n non-stationary thermographic audits by drones. Dios and Ollero [18]
ttempted to automatically detect and quantify heat losses through win-
ows after a thermographic survey of buildings with a drone helicopter.
hey created heat maps of thermal images and defined a temperature
ifference of more than 7 °C to the facade as a criterion for a thermal
ridge. Thermal irregularities were then classified according to their
emperature distributions. This approach was suitable for detecting
hermal bridges on windows, however it lacked the precise quantitative
nformation for evaluating the results. Furthermore, this approach is
ot suitable for a fully automated evaluation. Rakha et al. [19] used
drone with a thermal camera to visually identify areas of thermal

nomalies on building envelopes. They worked with a manual temper-
ture thresholding approach and automatic edge filtering to generate
3D model of a building with its detected thermal bridges. They state

he overall precision of their algorithm of about 75%. Mirzabeigi and
azkenari [20] used thermographic cameras installed on a drone to
ollect close-up images from building sites. They designed a drone flight
ath for data collection and implemented a computer vision algorithm
orking with a dynamic thresholding approach to identify thermal
nomalies of the building envelope. The study lacks in quantitative
nformation on the quality of the thermal anomaly detection approach.

In all the aforementioned non-stationary thermography studies,
hresholding and histogram approaches were applied. While they are
pplicable to close-up images, they encounter problems in panorama
ettings, which record multiple buildings and infrastructure in between
ith varying angles. There is a high likelihood of falsely identify

hermal bridges coming from thermal anomalies in the background of
uildings or to miss true thermal bridges with irregular shapes due to
he varying recording perspectives. To detect thermal bridges only on
2

uildings or specific building parts, like rooftops, a segmentation step c
to extract the building or building parts from the rest of the image
is usually required, which is computationally expensive for images
covering large areas such as a city district.

Supervised learning methods can aid in improving thresholding
approaches. Utilising manually annotated training data, they are able
to generalise and automatically annotate thermal bridges in previously
unseen aerial images. Recently, Barahona et al. [21] used a camera
on a car vehicle to detect thermal anomalies on building envelopes,
such as thermal bridges, trained on 2000 labelled infrared images. They
achieved a precision score of 89.2% and recall of 75.6% on a test dataset
of 1184 infrared images. They used supervised learning with a linear
model for panorama images to identify those containing anomalies, but
segmented the anomalies and particular building components manually
in a second, non-trained step to complement their results. Kim et al.
[22] focused on terrestrial thermographic images and employed a
neural network approach to detect thermal bridges. The study used
a multi-step method including thermal anomaly area clustering, fea-
ture extraction, and an artificial-neural-network for thermal bridge
detection. The average precision and recall of the detected thermal
bridges for eight test images was 89% and 87%, respectively. However,
the images used in the study are also close-ups of buildings and not
panorama images.

Studies using deep learning approaches to detect thermal bridges on
aerial thermographic panorama images are not known to the authors. In
this study, we present deep learning neural network based approaches
for detecting thermal bridges on panorama drone images on rooftops
without building part segmentation. In doing so, we build on a previous
publication [23] in which the authors presented the first results of
the AI-based detection of thermal bridges on rooftops. To maximise
the quality of our automated thermal bridge detection results, we use
and compare multiple neural network architectures with and without
pretraining on an open access dataset.

3. Methods and materials

3.1. Dataset

The dataset used in this study is an updated version of Thermal
Bridges on Building Rooftops (TBBRv2) [15], consisting of five channels
which are combined RGB2 and thermal panorama drone images with a
height map. Fig. 1 shows the RGB, thermal, and height map channels of
an example image. The raw images for the dataset were recorded early
in the morning in March 2019 in the inner city of Karlsruhe, Germany.
All images are panorama images that, in addition to the actual objects
of interest (buildings), also show the surrounding environment and
infrastructure, such as streets, people, cars, trams, and trees.

The recorded area contains six large city perimeter blocks of roughly
20 buildings per block. Each building appears in the dataset around
20 times from different angles due to a high overlap rate during the
recording process. The images were recorded with a normal (RGB) and
a FLIR-XT2 (thermal) camera on a DJI M600 drone and are converted
to a constant format of 2680 × 3370 pixels. Each image contains GPS
information and flight altitudes (between 60–80 m above ground).

TBBRv2 contains 926 panorama images and annotations of 6927
thermal bridges on rooftops, split into train and test subsets. The
training subset covers five building blocks recorded on 723 images with
5614 annotations, the test subset covers one building block recorded
on 203 images with 1313 annotations. The updated TBBRv2 dataset
provides more precise annotations due to better overlaps of the five
information channels. These annotations only include thermal bridges
that are visually clearly identifiable by experts, and thus also include
thermal bridges that are not annotated due to being unclear. Because of

2 RGB (Red Green Blue) images contain an information channel for each
olour.

https://github.com/Helmholtz-AI-Energy/TBBRDet
https://github.com/Helmholtz-AI-Energy/TBBRDet
https://github.com/Helmholtz-AI-Energy/TBBRDet
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Fig. 1. Example annotations from the TBBRv2 dataset for RGB (left), thermal (centre), and height map (right).
image overlap, each thermal bridge is annotated on average about 20
times from different angles. The original TBBR dataset was published
on Zenodo [24], full details of the image recording and dataset creation
procedure can be found in Mayer et al. [23].

3.2. Object detection libraries

For the experiments in this paper, two popular computer vision
libraries were used: Facebook AI Research’s Detectron2 (v0.6) [25]
and OpenMMLab’s MMDetection (v2.21.0) [26]. Both of these libraries
offer a framework within which object detection neural networks can
be implemented, evaluated, and visualised. Our intention is to utilise
popular, open-source libraries which offer ready-to-use, state-of-the-art
(SOTA) object detection neural network architecture implementations.
Given the significantly larger choice of object detection model imple-
mentations available in MMDetection, this library was used as the main
implementation platform for the performed experiments in this work.
Detectron2 was used only for comparing the results of this study to for-
mer results achieved with the TBBRv1 dataset [23]. There is otherwise
no significant difference between the two libraries’ capabilities.

3.3. Neural network architectures

While the specific implementations of object detection architectures
varies, they predominantly follow the same procedure of first extracting
meaningful features from the input image, and then translating these
into task-specific predictions. Specifically, one can divide the compo-
nents into a backbone to extract meaningful representations (feature
maps) from the image pixels, a neck which is commonly used to further
extract features for handling objects of different sizes/scales within the
image (feature pyramid), and a head which uses the extracted features
to make the output predictions [27]. In addition, there is generally a
region proposal mechanism, which selects specific regions of interest
within an image for the head to focus its predictions on. How these
components are arranged and implemented in practice we will refer to
as the framework.

For the first experiments in this work, performed using Detectron2,
a MaskRCNN framework [28] with a ResNet-18 (R18) [29] backbone is
used.3 This is chosen for a direct comparison with that of Mayer et al.
[23].

For the second experiments using MMDetection, of the implemented
frameworks and backbones available, we consider only those with
available pretrained models, as is required in our experiments. We first
select a MaskRCNN with a ResNet-50 (R50) backbone for our base-
line. The MaskRCNN R50 is a standard baseline comparison in object
detection tasks. We then selected the following for comparison with
the baseline: Swin-T Transformer [30], TridentNet [31], and Feature

3 The 18 in ResNet-18 here indicates the number of convolutional layers
within the neural network.
3

Selective Anchor-Free (FSAF) [32], with the explanation for each choice
detailed in the following.

Transformer-based computer vision networks have outperformed
popular object detection and instance segmentation benchmarks in
recent years. In particular, the Shifted Windows (Swin) Transformer
[30] and its variants, such as the Swin-V2 [33] and DINO [34], have
dominated the popular Common Objects in Context (COCO) [35] ob-
ject detection and instance segmentation benchmarks. In this work,
the Swin-T transformer is tested as an alternative backbone for the
MaskRCNN, which is roughly equivalent in size to a ResNet-50. An
illustration of a Swin Transformer architecture is shown in Fig. 2.

Given the angled view of building rooftops in TBBRv2, the dataset
contains different sized instances of same thermal bridges across mul-
tiple images. The TridentNet [31] architecture attempted to adapt the
standard ResNet backbone of the Faster-RCNN framework [36] to be
scale-aware.4 We hypothesise that this will offer an advantage over the
regular convolutions used in the baseline model.

The FSAF [32] model is a near-SOTA, single-shot, anchor-free
framework, which unlike the Mask/FasterRCNN-based approaches,
does not separate the region proposal and feature extraction stages.
This has the advantage of removing the dependence on anchor boxes,
whose predefined sizes will determine which objects in an image are
processed at which scale (which feature map they are associated with).
As with the scale-awareness issue that TridentNet attempts to address,
this anchor dependence causes the same thermal bridge object, cap-
tured at different distances across multiple images, to be redundantly
processed by different feature maps within the network. FSAF instead
allows the model to dynamically learn the most appropriate feature
map.

4. Experimental procedure

The experiments in this work are divided into two parts: first we
demonstrate, using Detectron2, the performance improvements due to
the updated TBBRv2 dataset and investigate the benefits of the height
map inputs, then, using MMDetection, we explore the various object
detection frameworks outlined in Section 3.3 to determine the optimal
model and performance. An example of the experiment workflow for
the pretrained MaskRCNN R50 baseline from MMDetection is shown
in Fig. 3. In line with Mayer et al. [23], Average Recall (AR) scores
averaged over the intersection over union (IoU) range 0.5 𝑡𝑜 0.95 on the
test set are used to assess model performance. The AR score is defined
as the ratio of correctly identified thermal bridges to all present thermal
bridges. The IoU ranges which define what is considered an identified
thermal bridge follow those of the commonly used COCO benchmark
for object detection [35]. The reported AR score in all cases is that with

4 Scale-awareness means that a model is able to recognise the same object
at different scales (sizes) in an image as being the same object, rather than
learning each size as its own individual object.
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Fig. 2. Swin architecture overview. The input image is divided in 4 × 4 patches, which are then projected into a linear embedding and passed through successive Swin transformer
blocks and patch merging layers until the final output representation of the image which is used to produce thermal bridge predictions. Image adapted from Liu et al. [30], where
full details of each component can be found.
Fig. 3. Example experiment workflow for a pretrained MaskRCNN R50.
the highest AR for the top 100 detections per image (AR@100) across
all training epochs. As the Average Precision (AP) penalises finding
unannotated but correct thermal bridges, this metric is unsuitable for
the TBBR dataset and not used here.

Five trainings are performed for each architecture tested, and the
results are used to produce a mean and standard deviation.5 We set
the following five (randomly chosen) seeds to initialise the neural
network weights, listed here for reproducibility: 3000, 10 117, 10 001,
20 770 001, 1 008 111. The same five seeds are used for all architecture
trainings. The deterministic flag of MMDetection is also enabled
in all experiments to maximise reproducibility. In all cases, the same
pixel mean and standard deviation input normalisations are used as in
Mayer et al. [23].

All trainings are performed on a single node of the HoreKa super
computing system, located at Karlsruhe Institute of Technology (KIT),
with four NVIDIA A100 40 GB GPUs in a data-distributed [37] manner.
The nodes are reserved exclusively for each individual training and we
report the total computing time and energy consumption [38] of the
nodes used during training. Full details of all training configurations,
along with the code used for training and evaluation, can be found
at https://github.com/Helmholtz-AI-Energy/TBBRDet. Node hardware
specifications are shown in Table A.3.

5 While five trainings is not enough for a statistically significant standard
deviation, this does provide a useful insight into the fluctuation in performance
due to the random seed.
4

4.1. Detectron2 experiments

The experiments begin with an investigation into the improvements
given by the updated alignments in TBBRv2. For this, the MaskRCNN
R18 is configured according to Mayer et al. [23], running with the
random seed used in that work (56689614). We follow this up with
an ablation study in which we remove the height map data from the
inputs. All other hyperparameters6 are kept fixed, and the five random
seeds described above used to estimate the variance in performance.
Our aim is to investigate the benefit of height map information in en-
suring predicted thermal bridges are located only on building rooftops
and not on street level.

4.2. MMDetection experiments

In these experiments, a baseline model is trained using the MMDe-
tection library. For this, the MaskRCNN framework with a ResNet-50
backbone is used. The baseline is trained both from scratch and us-
ing pretrained models from the MMDetection model zoo, trained on
the popular computer vision benchmark Common Objects in Context
(COCO 2017) [35]. The COCO dataset contains scenes with everyday
objects in their regular context. We use it as model pretraining for two

6 Hyperparameters are all parameters used to configure the architecture
and training procedure that are not derived during the training itself. For
example the number and type of layers in the network architecture, the
random initialisation seeds, etc.

https://github.com/Helmholtz-AI-Energy/TBBRDet
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Fig. 4. Example predictions from MaskRCNN R50 baselines, numbers show model prediction scores. Left predictions are based on trainings from scratch and right predictions are
based on trainings with pretraining. The top row shows predictions based on trainings with the full RGB + Thermal + Height inputs and bottom based on trainings of the RGB +
Thermal ablation study.
-

reasons: first, OpenMMLab provides COCO pretrained versions of all
models implemented in MMDetection, enabling accessible reproduction
of our work, and second, the large corpus of everyday objects requires
identifying edges, colour changes, etc., which, when finetuned on
TBBRv2, we expect will transfer well to identifying thermal bridges on
objects.

Using the baseline, the height map ablation study performed with
Detectron2 is repeated. Based on both of these experiments’ results,
we determine the utility of the height map inputs, and proceed with
training several other MMDetection architectures for comparison with
the baseline.

Given the lack of a validation subset in TBBRv2, for all MMDetection
based experiments we forego hyperparameter optimisation, instead
using the model configurations as-is wherever reasonably possible,
making changes only to accommodate for the image sizes and extra
input channels of our dataset. In particular, for multi-scale trainings,
i.e. where inputs images are randomly resized as a form of data
augmentation, we adjust the scales to their equivalent from our image
sizes. All models are trained for a maximum of 36 epochs. In cases when
the memory consumption exceeds that of the GPUs used (e.g. for the
Swin Transformer), we use FP16 half precision7 (floating point 16) for
the neural network weights. According to the benchmarks of mixed
precision trainings provided by MMDetection [26], this has a negligible
impact on overall performance.

7 IEEE 754-2019 [39] compliant binary representation of floating numbers
using 16 bits, 1 for the sign, 5 for the exponent and 11 for the significant.
5

5. Results and discussion

In the following, we present the results of all experiments. We note
here that these results are qualitative, in that they allow one to deduce
thermal bridge locations and sizes across a large area. Due to high
distances (>20 m) and varying recording angles of the drone relative
to the buildings, a precise quantitative measurement of the thermal
bridges cannot be made [40]. The interpretation of detected thermal
bridges, e.g. for characterising them in terms of their risk of mould
formation, energy losses, retrofit costs, or retrofit benefits, must be
performed in a further step, for example using the methods presented
by Mayer et al. [41].

Test results for the bounding box and segmentation AR scores, total
node energy consumption in Megajoules (MJ) [38], and computing
time in minutes are shown in Tables 1 and 2. We report the AR scores
according to the standard object detection COCO benchmark [35]. The
total AR is averaged across an Intersection-over-Union (IoU) between
the predicted and ground truth thermal bridges of 0.5 𝑡𝑜 0.95, at different
numbers of top-N (by prediction confidence) predictions: 1, 10, and 100
predictions. An additional score separation into medium (AR_m) and
large (AR_l) objects is also given, for objects with an area between
322 and 962 pixels and greater than 962 pixels, respectively. The scores
for small detection regions (less than 322 pixels) are not shown as they
contain no thermal bridges. In the following subsections interpretations
are given for the results of each architecture.
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Table 1
Energy usage and bounding box Average Recall scores for each model’s training. The ablation column indicates whether height information was excluded from the input. The
MaskRCNN R18 architectures were trained using Detectron2. MaskRCNN R18* indicates the model initialised with random seed 56689614, used by Mayer et al. [23]. The best
results are marked in bold.

Architecture Pretrained Ablation Energy (MJ) Time (min) AR@1 AR@10 AR@100 AR_m@100 AR_l@100

MaskRCNN R18* 20.5 205.5 0.060 0.169 0.169 0.119 0.250

MaskRCNN R18 20.00 ± 0.20 205.3 ± 0.5 0.061 ± 0.002 0.165 ± 0.007 0.166 ± 0.006 0.129 ± 0.007 0.227 ± 0.010
✓ 19.42 ± 0.10 199.7 ± 0.6 0.060 ± 0.005 0.170 ± 0.010 0.170 ± 0.010 0.130 ± 0.020 0.230 ± 0.010

MaskRCNN R50

3.00 ± 0.03 39.5 ± 0.6 0.072 ± 0.008 0.270 ± 0.020 0.308 ± 0.008 0.270 ± 0.020 0.380 ± 0.010
✓ 2.83 ± 0.01 35.6 ± 0.4 0.076 ± 0.008 0.310 ± 0.020 0.370 ± 0.010 0.350 ± 0.020 0.420 ± 0.010

✓ 2.91 ± 0.03 38.1 ± 0.4 0.060 ± 0.010 0.260 ± 0.040 0.304 ± 0.007 0.280 ± 0.020 0.350 ± 0.020
✓ ✓ 𝟐.𝟕𝟒 ± 𝟎.𝟎𝟏 𝟑𝟒.𝟓 ± 𝟎.𝟒 0.068 ± 0.004 0.290 ± 0.030 0.360 ± 0.020 0.350 ± 0.020 0.400 ± 0.020

Swin-T 7.90 ± 0.10 125.3 ± 1.3 0.069 ± 0.003 0.239 ± 0.007 0.318 ± 0.004 0.290 ± 0.010 0.370 ± 0.010
✓ 7.09 ± 0.03 107.3 ± 1.9 𝟎.𝟎𝟖𝟗 ± 𝟎.𝟎𝟎𝟔 𝟎.𝟑𝟖𝟎 ± 𝟎.𝟎𝟐𝟎 𝟎.𝟒𝟓𝟒 ± 𝟎.𝟎𝟎𝟕 𝟎.𝟒𝟑𝟎 ± 𝟎.𝟎𝟏𝟎 𝟎.𝟓𝟎𝟕 ± 𝟎.𝟎𝟎𝟕

TridentNet 4.92 ± 0.08 57.7 ± 1.0 0.031 ± 0.003 0.140 ± 0.010 0.215 ± 0.007 0.160 ± 0.010 0.311 ± 0.010
✓ 4.70 ± 0.10 51.9 ± 0.8 0.060 ± 0.010 0.210 ± 0.040 0.300 ± 0.050 0.220 ± 0.050 0.420 ± 0.070

FSAF 10.20 ± 0.09 103.7 ± 0.3 0.049 ± 0.008 0.150 ± 0.020 0.248 ± 0.008 0.223 ± 0.006 0.300 ± 0.010
✓ 10.00 ± 0.10 102.2 ± 0.3 0.070 ± 0.010 0.270 ± 0.020 0.380 ± 0.010 0.370 ± 0.020 0.410 ± 0.020
Table 2
Segmentation Average Recall scores for each model’s training. As both FSAF and TridentNet are object detection architectures only and do not perform instance segmentation,
they have no scores to report. Note that the FSAF and TridentNet are object detection frameworks and hence only predict bounding boxes. MaskRCNN R18* indicates the model
initialised using the seed 56689614 used by Mayer et al. [23]. The best results are marked in bold.

Architecture Pretrained Ablation AR@1 AR@10 AR@100 AR_m@100 AR_l@100

MaskRCNN R18* 0.040 0.094 0.094 0.069 0.134

MaskRCNN R18 0.037 ± 0.003 0.086 ± 0.002 0.086 ± 0.002 0.067 ± 0.004 0.119 ± 0.006
✓ 0.036 ± 0.001 0.089 ± 0.003 0.090 ± 0.003 0.073 ± 0.008 0.118 ± 0.004

MaskRCNN R50

0.047 ± 0.005 0.179 ± 0.008 0.201 ± 0.009 0.190 ± 0.010 0.225 ± 0.008
✓ 0.047 ± 0.005 0.190 ± 0.020 0.219 ± 0.008 0.217 ± 0.006 0.230 ± 0.020

✓ 0.041 ± 0.009 0.160 ± 0.020 0.191 ± 0.009 0.190 ± 0.010 0.210 ± 0.020
✓ ✓ 0.040 ± 0.003 0.180 ± 0.030 0.220 ± 0.020 0.230 ± 0.020 0.220 ± 0.030

Swin-T 0.046 ± 0.002 0.153 ± 0.005 0.206 ± 0.004 0.203 ± 0.006 0.220 ± 0.007
✓ 𝟎.𝟎𝟓𝟒 ± 𝟎.𝟎𝟎𝟒 𝟎.𝟐𝟑𝟎 ± 𝟎.𝟎𝟐𝟎 𝟎.𝟐𝟖𝟎 ± 𝟎.𝟎𝟏𝟎 𝟎.𝟐𝟖𝟎 ± 𝟎.𝟎𝟏𝟎 𝟎.𝟐𝟖𝟎 ± 𝟎.𝟎𝟐𝟎
5.1. Detectron2 experiments

Comparing the bounding box average recall (AR@100) of the
MaskRCNN R18* from Table 1 with that reported in Mayer et al.
[23] of 9.4% (14.4% for large regions), we see an almost doubling
f the performance. Given all else was equal, we can attribute this
mprovement to the improved annotations in TBBRv2 alone. Looking
hen at the training of the same model with the five random seeds,
e see that they are relatively consistent with the MaskRCNN R18*

esult. We also observe that the ablation study results without height
nformation are in agreement with those using the full RGB + Thermal
+ Height inputs, though we do note several falsely predicted thermal
bridges on ground-level in the ablation trained model. Given there
are only a small number of ground-level predictions, and that there
appears to be no significant changes to the overall AR scores, we
would therefore expect such false predictions to disappear given a
larger training dataset. This is important, as the height map creation
procedure used [42] is non-trivial, and therefore an obstacle to the ease
of use of the preprocessing during the training procedure.

An interesting finding in the trainings using Detectron2 is the high
energy consumption used during training. This was primarily due to
extensive training times, which we found difficult to reduce, even when
leveraging many dataloader processes to minimise data-loading times.
While further expert optimisations are certainly possible to bring this
down, we regard this result as a rather significant point against the
6

ease-of-use factor when considering the Detectron2 library.
5.2. MaskRCNN R50 baseline

In all metrics, we observe agreement between the full and ablation
trainings without height information. This holds for both trainings from
scratch and those using a pretrained model. Fig. 4 shows an example
of the predictions on a sample image from the test dataset for all
training scenarios. Similar to the Detectron2 trained MaskRCNN R18,
we observe several predictions on ground level in the ablation trained
models. For this reason, we proceed with the remainder of experiments
in this work using the full RGB + Thermal + Height input. However, as
the ground-level predictions only detect 16 unique objects appearing
across 23 images within the entire test dataset for the ablation training
from scratch, we again believe that a larger labelled training dataset
would resolve this and allow the RGB + Thermal information to be
sufficient. We also observe a significant improvement in performance
given by the pretraining, including a 5%𝑡𝑜7% higher score for all
AR@100 metrics.

The AR scores significantly outperform the MaskRCNN R18, almost
doubling the AR@100. While this is likely due to the increased model
size, i.e. more layers, we also note the drastically lower energy con-
sumption due to a significant speedup observed in model training time.
This demonstrates an excellent overall out-of-the-box performance of
the MMDetection library.

5.3. Comparison with baseline

The pretrained Swin-T transformer achieves the highest AR by a

significant margin. Interestingly, the from-scratch training (without
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pretraining) only scores as well as the baseline. Transformer-based
models are notoriously memory-hungry, and we see this reflected in
a longer overall training time and hence larger energy consumption.8

The TridentNet architecture performs worse than the baseline on
all metrics. We found that the pretrained model was especially unsta-
ble during training, regularly suffering from exploding gradients (and
hence loss values), only stabilising when the learning rate was turned
down an order of magnitude from the default 0.02 to 0.002.

FSAF also performs worse than the baseline in the from-scratch
training, but the same when pretrained. Due to its ResNet-101 back-
bone, the training times were significantly longer, something we see
reflected in the fact that it has the largest energy consumption of all
MMDetection trainings.

Overall, the use of COCO [35] pretrained model weights proved
to be an advantage regardless of the architecture. We therefore rec-
ommend this as an essential component in thermal bridge detection
when utilising learned object detection approaches, and suggest it as an
avenue of investigation for further improving detection performance.

6. Conclusion and outlook

The detection of thermal bridges on building rooftops can be au-
tomated by using deep learning approaches on thermographic images.
For aerial panorama images, the main advantage of neural networks in-
stead of computer vision approaches working with temperature thresh-
olds is the ability to learn identifying building parts of interest and to
include changing shapes of thermal bridges due to different recording
angles.

In this study, the best results were achieved with the MMDetec-
tion library using a pretrained Swin-T Transformer model, scoring
an Average Recall of 50.7% for large thermal bridges. Overall, we
find consistently better results for pretrained models than for models
without pretraining. Moreover, this work showed the ability of neural
networks to propose predictions of thermal bridges only on rooftops
by using height information to the input images. While this work
has demonstrated promising results in identifying individual thermal
bridges from drone images, we believe there is still significant potential
for improvement with a larger annotated dataset. A larger dataset
would allow for the allocation of a validation subset, enabling tuning
of hyperparameters to improve training performance.

While no existing works target the detection of thermal bridges
on aerial panorama images with deep learning approaches, we can
compare our results with other existing thermal bridge detection proce-
dures. Barahona et al. [21] achieved an Average Recall of 75% for the
binary classification of images containing thermal anomalies, however
they segmented the anomalies as a subsequent manual step, something
that our approach automates entirely. Kim et al. [22] used a multi-
step procedure on close-up images to achieve an Average Recall of 87%,
which does not deal with the presence of multiple buildings and non-
building objects within images. However, both of these works, the latter
in particular, represent an optimal benchmark that may be achieved by
our approach with the larger dataset proposed above.

Our scoring for this work has only considered the raw Average
Recall score across each individual image, yet the images are not inde-
pendent and instead contain significant overlap. We therefore propose
in future to consider the scores across all instances of the same thermal
bridge. For this, it is possible to track instances across all images
containing the same thermal bridge or to set a threshold for requiring
at least two detections of a thermal bridge to count it [43]. Identifying
which thermal bridges are matching instances, however, would result
in additional effort when creating the dataset.

Further improvements can also be made in the pretraining proce-
dure, which has already proven successful in improving performance.

8 Memory itself is has a substantial power draw.
7

Performing additional pretraining on existing UAV datasets, such as
UAVDT [44] or iSAID [45], is one example that would closer align the
pretrained models with the TBBR images. Self-supervised pretraining,
used with great success in BERT [46], performed on the larger set of
unannotated TBBR images presents another avenue for investigation.

Despite these limitations of our study, we believe we have provided
important insights into the benefits of deep learning for automated
building analysis in an urban context, which is becoming increasingly
important in building and district management. In future, our approach
could also be transferred to the analysis of other thermal anomalies on
panorama drone images, such as the detection of district heating pipe
leakages at ground level.

CRediT authorship contribution statement

Zoe Mayer: Conceptualization, Methodology, Investigation, Data
uration, Writing - Original Draft, Writing - Review & Editing, Project
dministration. James Kahn: Conceptualization, Methodology, Soft-
are, Formal analysis, Investigation, Data Curation, Writing - Original
raft, Writing - Review & Editing, Visualization. Yu Hou: Methodol-

ogy, Software, Writing - Original Draft, Writing - Review & Editing,
Visualization. Markus Götz: Methodology, Writing - Review & Editing,
Supervision. Rebekka Volk: Conceptualization, Data Curation, Writ-
ing - Review & Editing, Supervision, Project administration. Frank
Schultmann: Writing - Review & Editing, Supervision.

Declaration of competing interest

The authors declare that they have no known competing finan-
cial interests or personal relationships that could have appeared to
influence the work reported in this paper.

Data availability

All data, code, and configurations used in this work have been made
publicly available online.

Acknowledgements

This work is supported by the Helmholtz Association Initiative
and Networking Fund under the Helmholtz AI platform grant and
the HAICORE@KIT partition. We thank Marinus Vogl and the Air
Bavarian GmbH for their support with equipment and service for the
recording of images. We also thank Tobias Beiersdörfer for support in
the development of the TBBR dataset. All authors approved the version
of the manuscript to be published.

Funding

All of the sources of funding for the work described in this publica-
tion are acknowledged below:

This work is supported by the Helmholtz Association Initiative
and Networking Fund under the Helmholtz AI platform grant and the
HAICORE@KIT partition.

Appendix. Training hardware details

See Table A.3.



Automation in Construction 146 (2023) 104690Z. Mayer et al.
Table A.3
Hardware details for nodes used in all model trainings.

CPUs Intel Xeon Platinum 8368
CPU Sockets per node 2
CPU Cores per node 76
CPU Threads per node 152
Cache L1 64k (per core)
Cache L2 1 MB (per core)
Cache L3 57 MB (shared, per CPU)
Main memory 512 GB
Accelerators 4x NVIDIA A100-40
Memory per accelerator 40 GB
Local discs 960 GB NVMe SSD
Interconnect InfiniBand
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Thermal Bridges on Building 
Rooftops
Zoe Mayer   1,7 ✉, James Kahn   2,3,7, Markus Götz   2,3 ✉, Yu Hou   4,5, Tobias Beiersdörfer1, 
Nicolas Blumenröhr   3,6, Rebekka Volk   1 ✉, Achim Streit   3 & Frank Schultmann   1

Thermal Bridges on Building Rooftops (TBBR) is a multi-channel remote sensing dataset. It was 
recorded during six separate UAV fly-overs of the city center of Karlsruhe, Germany, and comprises a 
total of 926 high-resolution images with 6927 manually-provided thermal bridge annotations. Each 
image provides five channels: three color, one thermographic, and one computationally derived height 
map channel. The data is pre-split into training and test data subsets suitable for object detection and 
instance segmentation tasks. All data is organized and structured to comply with FAIR principles, i.e. 
being findable, accessible, interoperable, and reusable. It is publicly available and can be downloaded 
from the Zenodo data repository. This work provides a comprehensive data descriptor for the TBBR 
dataset to facilitate broad community uptake.

Background & Summary
About 30% of global final energy consumption and 27% of total energy sector emissions stem from building 
operations. After a short drop during the COVID-19 pandemic, emissions and energy consumption are both 
now above their pre-COVID level of 2019, showing that no late reduction trend has started1.

A major field for reducing energy consumption for building operations is the improvement of building enve-
lopes, which is critical for reductions in heating and cooling intensity2. A thermal bridge is a discontinuity of a 
building’s envelope, whose thermal properties differ fundamentally from the thermal properties of the adjacent 
enveloping surface3. With increasing demands on the quality of building envelopes, the minimization of thermal 
bridges is becoming ever more important, since losses from thermal bridges can account for up to one third of 
a building’s transmission heat loss4,5. Beyond increased energy consumption, thermal bridges can lead to a wide 
range of problems, from the risk of condensation and mold infestation6, to a reduced comfort that occurs due 
to cold inner surfaces of a building7. In summer, thermal bridges lead to increased heat absorption by buildings 
and thus can increase the need for air conditioning3.

For the detection of thermal bridges of building envelopes, thermography can be reliably used8. In recent 
years, not only individual buildings, but also buildings in their urban context have gained importance for devel-
oping adequate retrofit strategies. The New Urban Agenda of the United Nations (UN) puts a spotlight on pol-
icies affecting urban structures at all appropriate levels recognizing that building design is one of the “greatest 
drivers of cost and resource efficiencies”9. When studying building stocks in cities, city districts, and villages, 
thermographic images can be collected with Unmanned Aerial Vehicles (UAVs/drones)10,11. Thermography 
with drones is especially advantageous because it saves time, resources, and is scalable for large areas compared 
to classical thermography with static cameras10. UAV-based thermographic systems are particularly beneficial 
when examining rooftops, since recordings with hand-held cameras are difficult. Previously, rooftop inspec-
tions with thermography had to be carried out on the basis of on-site inspections at night which are particularly 
labor-intensive, dangerous, and unable to achieve the same coverage feasible with drones12.

To evaluate large number of thermographic images collected in urban areas, the manual processing of images 
is time-consuming. The detection of thermal bridges can be automated, but is not trivial. Currently, approaches 
for automated thermal bridge detection work mostly with temperature threshold values and pattern recogni-
tion13–16. It is, however, difficult to find threshold values that can be generally applied to all types of thermal 
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bridges17. Patterns and temperatures differ depending on the materials and building components where thermal 
bridges occur, on environmental conditions, and on recording settings. For example for windows, temperatures 
on thermographic images appear cooler due to high levels of reflection of glass surfaces18. Furthermore, misin-
terpretations, e.g. caused by open windows, can occur with simple threshold methods. Deep learning methods, 
which can overcome the aforementioned problems, may provide better results, but require annotated image 
datasets.

In this data descriptor, we present the Thermal Bridges on Building Rooftops (TBBR) dataset. To the best 
of our knowledge it is the first comprehensive aerial thermographic image dataset, which also provides height 
mapping information while also being fully annotated for district-scale segmentation of thermal bridges on 
building rooftops. It is organized and structured according to the FAIR principles19, i.e. being findable, accessi-
ble, interoperable and reusable.

The remainder of the data descriptor is organized as follows: the Methods section describes the environmen-
tal conditions and methodological approach in recording the TBBR dataset. Data Records details the organiza-
tion of the data, including file formats, how the data has been preprocessed and curated, as well as how to obtain 
it from a publicly available data repository. In the Technical Validation section we highlight data quality aspects 
of TBBR. Finally, the Usage Notes sections sketches current and prospective use case scenarios for the data with 
an emphasis on (semi-)automated thermal bridge object detection and instance segmentation.

Methods
The raw images for our dataset were recorded with a Zenmuse XT2 visual (RGB) and a FLIR Tau 2 (thermal, 
https://flir.netx.net/file/asset/15598/original/) camera (see Table  1 for details) on a DJI M600 drone  
(https://www.dji.com/de/matrice600). They were recorded at flight heights between 60–80 m above ground with 
a flight speed of 1 m

s
 and contain GPS information. The images cover six large blocks of around 20 buildings per 

block recorded in the city center of the German city Karlsruhe with a total fly-over area of roughly 48500 m2  
(see Fig. 1). Because of a high overlap rate of the images, the same buildings are on average recorded from differ-
ent angles in different images about 20 times. All images were recorded during drone flights on Tuesday 19th 
March 2019 from 7am to 8am (UTC + 02:00). At this time, temperatures were between 3.78 °C and 4.97 °C, and 
humidity between 80% and 98%. There was no rain on the day of the flights, but there was .2 3 mm

m2  48 hours 
beforehand. For all images, an exposure time of 1/100 s and ISO speed rating of 128 was used. For recording the 
thermographic images, an emissivity of 1.0 and an aperture of F1 was set. For the RGB images, an aperture of 
F1.8 was used. The global radiation during this period was between .38 59 W

m2  and .120 86 W
m2 . No direct sunlight 

can be seen visually on any of the recordings. Further environmental conditions are shown in Table 2. We do not 
provide information on the recorded buildings’ internal temperatures, for estimates we refer readers to the cor-
responding German DIN standards20.

The full set of raw images captured contained a total of 5698 images before preselection21. Preselection 
involved the removal of all blurry images, e.g. due to rapid movement or turning of the drone, and all images 
containing no visible thermal bridges. After preselection a total of 926 images remained.

The RGB and thermal drone images were fused with a computed height map. All images were converted 
to a uniform format of 4000 × 3000 px, aligned, and cropped to 3370 × 2680 px to remove empty borders.  
The annotations only include thermal bridges that are visually identifiable with the human eye. Because of 
the aforementioned image overlap, each thermal bridge is annotated multiple times from different angles. For 
the annotation of the thermal images the image processing program VGG Image Annotator from the Visual 
Geometry Group, version 2.0.1022, was used. The thermal bridge annotations are outlined with polygon 
shapes. These polygon lines were placed as close as possible but outside the area of significant temperature 
increase. If a detected thermal bridge was partially covered by another building component located in the fore-
ground, the thermal bridge was also marked across the covering in case of minor coverings. Adjacent thermal 
bridges, which affect different rooftop components, were annotated separately. For example, a window with 
poor insulation of the window reveal located in the area of a poorly insulated roof is annotated individually.  
There is no overlap between annotated areas. While each image contains annotations, they also include thermal 
bridges present that are not annotated due to not being clearly identifiable, e.g. too small for accurate identifica-
tion or unclear due to the camera perspective.

Image preparation.  The image registration and alignment procedure is shown in Fig. 2. The procedure 
involves three main steps:

	 1.	 distortion correction,
	 2.	 registration and alignment,
	 3.	 cropping and stacking.

Camera Spectrum (μm) Image Resolution (px) FOV (°) Focal Length (mm) Format

Zenmuse XT2 (RGB) 0.4–0.7 4000 × 3000 57.12 × 42.44 8 TIFF

FLIR Tau 2 (thermal) 7.5–13.5 640 × 512 45.00 × 37.00 13 TIFF

Table 1.  Technical specifications of the cameras used in recording the TBBR raw data. As the thermal camera 
is less than one year since purchase, it is still factory calibrated (see https://www.flir.co.uk/support-center/
surveillance/infrared-camera-calibration/).
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The distortion correction procedure used was that established in previous works23,24. In short, a reference 
image was used to determine distortion coefficients, cv2.getOptimalNewCameraMatrix() to find a 
new camera matrix, and cv2.undistort() to correct distortion. All mentioned processing functions are 
part of the computer vision programming library OpenCV25.

Image registration and alignment was then performed by transforming the RGB and height map images onto 
the thermal images, as the annotation of thermal bridges was performed on these. A homography matrix was 
calculated using a total of 316 coordinate pairs from 21 RGB and thermal images. This homography matrix was 
then used to transform all RGB images in the dataset. Since the height map was created from the RGB images, 
we also used this homography matrix to transform the height map images.

The final cropping and stacking was performed to create the 5-channel images of the TBBR dataset, output 
in the NumPy format26. Images are cropped to 3370 × 2680 px to remove large black borders present in thermal 
images, and subsequently stacked into the channel order [B, G, R, Thermal, Height].

Computation of the height map.  Due to the high overlap of images, we can extract similarities from 
feature points identified in each image and conduct photogrammetry. Photogrammetry allows estimation of the 
three-dimensional coordinates of points on an object in a generated 3D space involving measurements made on 
images taken with a high overlap rate. Therefore, we can use this technique to create a 3D point cloud model of 
the recorded region.

We used the ContextCapture  software to perform photogrammetry on the TBBR dataset. 
ContextCapture provides users with intermediate information necessary to obtain each image’s estimated 
3D coordinates and orientation23,24. This information allowed estimation of the distance between points in 3D 
and 2D spaces and to project points from the 3D to the 2D space to generate the height maps. The resulting 2D 
height map image pixels show the z-axis value (vertical height) of the corresponding 3D point cloud model 
points, normalized to the 8-bit range of the lowest 3D model point (0) and the drone (255).

Data Records
The Thermal Bridges on Building Rooftops (TBBR) data is publicly available on Zenodo27 and is licensed 
under Creative Commons Attribution 4.0 International (http://creativecommons.org/licenses/by/4.0/).  
The 926 images in the dataset are made available as a series of compressed archive files totaling 68.5GB. Each com-
pressed archive file corresponds to one of the six flight paths, named Flug1_100 to Flug1_105 respectively  

Fig. 1  Geo-located map of drone flyover regions (left, WGS 84 coordinate system, source: Google Maps), DJI 
M600 drone (upper right), and Zenmuse XT2 camera with a FLIR Tau 2 thermal sensor (lower right). Dashed 
lines show the flight paths of the drone, polygons the photographed regions. Numbers correspond to identifier 
of each flight paths, e.g. 2 for Flug1_102 (see Data Records section below). Image source for the drone and 
camera: © DJI.

Time Cloud Cover Pressure (hPa) Visibility (m) Wind Speed (m
s

) Wind Direction (°)

7am UTC+02:00 overcast 1012.0 29680 0.7 280

8am UTC+02:00 overcast 1012.7 34430 1.1 90

Table 2.  Environmental conditions during the fly over on 2019-03-19 as measured by the closest weather 
station in Rheinstetten N 48°58′21.4″N 8°19′48.4″E (WGS 84 coordinate system, source: DWD OpenData at 
https://opendata.dwd.de/climate_environment/CDC/observations_germany/climate/hourly/).
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(the word “Flug” means flight in German). The archives contain NumPy26 files (one per image) of shape 
(2680,3370,5), where the final dimension is the color channel in the format [B, G, R, Thermal, Height]. An exam-
ple image (Flug_100, ID: 523) is depicted in Fig. 3. Archives were compressed using ZStandard compression28. 
They can be decompressed by utility software programs, e.g. tar or unzstd. Corresponding annotations are 
provided in the COCO JSON format29, which were automatically generated by the VGG Image Annotator.

One of TBBR’s main design objectives was to facilitate (semi-)automated thermal bridges pattern detection 
algorithms30 (see Usage Notes). In accordance, the data is pre-split into train and test subsets with 723 (5614) 
and 203 (1313) images (annotations), respectively. There is one annotation COCO JSON for each subset, i.e. one 
for training (Flug1_100Media to Flug1_104Media) and one for test (Flug1_105Media) data. The lat-
ter block is used as a hold-out test dataset to standardize out-of-sample generalization performance assessment.

The experimental metadata was structured with the Spatio Temporal Asset Catalog (STAC) (https://stacspec.
org/en) specification family. This specification is used to provide a standardized way for describing geo-spatial 
assets. It defines related JSON object types of Item, Catalog, and Catalog, extending Collection as 
the basis. Moreover, STAC objects can be extended with other specifications and enable a mechanism to provide 
additional metadata. Such an approach addresses the relevance for a common understanding of experimental 
metadata, which is ideally a widely accepted standard31.

The STAC Collection JSON object Flug1_collection_stac_spec provides information about 
the recorded images and the environmental conditions during recordings. It also contains information about 
the overall bounding box of the entire area in which images were recorded. It links to related STAC Item 
JSON objects containing information about the recorded city blocks and the cameras. The objects for the six 
flight paths, i.e. Flug1_100_stac_spec, Flug1_101_stac_spec, Flug1_102_stac_spec, 
Flug1_103_stac_spec, Flug1_104_stac_spec, Flug1_105_stac_spec, contain the 
GeoJSON32 geometry of the respective block and the corresponding bounding box.

The objects containing the camera information, named Flug1_camera1_stac-spec for the RGB cam-
era and Flug1_camera2_stac-spec for the Thermal camera, are based on an existing STAC extension 
for camera related metadata. All STAC Item objects have a link to the Flug1_collection_stac_spec 
Collection object.

Metadata of the archived NumPy files for each image was structured using the Data Package schema from 
the Frictionless Standards (https://specs.frictionlessdata.io). This standard describes a collection of data files. 
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Fig. 2  Image registration and alignment procedure.

Fig. 3  Example image from the TBBR dataset (Flug_100, ID 523) showing the different channels, RGB (left), 
thermal (center), and height map (right), including overlaid annotations.
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Therefore, metadata about all containerized NumPy files of the six flight paths is provided within a JSON-based 
file, named Flug1_100-105_frictionless_standards.

All files are represented in a standardized way as FAIR Digital Objects (FAIR DOs) to enable machine action-
able decisions on the data in the spirit of the FAIR principles33. This representation further facilitates reproduc-
ibility of experiments performed using TBBR and the detection of data errors34. Thus, each file deposited in 
Zenodo (https://doi.org/10.5281/zenodo.7022736)27 was assigned a Persistent Identifier (PID), which is resolv-
able with the Handle.Net Registry (HNR) (https://www.handle.net/). The full list of PIDs are listed in the TBBR 
Zenodo dataset description27.

Technical Validation
The visual identification process and description of thermal bridges on building rooftops was based on typical 
patterns described in German DIN standards35–37 and thermal infrared inspections38. We note, however, that the 
interpretation of thermal images for building audits is currently always performed by human operators, which 
involves a high level of subjectivity13.

Thermal bridges occur on different parts of rooftops. Table 3 provides an overview about the different roof 
types and rooftop components where thermal bridges were annotated.

All preselected images were first manually annotated by a single industrial engineer. Then, following the 
two-person principle, all annotations were subsequently reviewed independently by an expert supervisor and 
corrected when necessary.

We qualitatively compare the distributions of thermal and height map values of thermal bridges and back-
ground between the train and test subsets. Figure 4 shows the histograms of both distributions within their 8-bit 
channel ranges of [0,255]. As expected, we observe a uniform distribution of thermal values across background 
pixels, while there is a distinct peak in warmer pixels for thermal bridges. Similarly, we see the presence of ther-
mal bridges on rooftops only being reflected in the large height map values of thermal bridges, while background 
pixels are distributed uniformly both at the building level, and to a lesser extent at street level.

To quantitatively compare annotated distributions, we use scale invariant feature transform (SIFT) descrip-
tors39 which has been shown to have a good general robustness across a range of image transformations40, e.g. 
affine transformations, scale changes, and rotations, making it an appropriate comparison for thermal bridge 
images of rooftops from various distances and angles. Figure 5 shows the average Euclidean distances between 
all 128 SIFT descriptors for annotated thermal bridges and background pixels across the train and test subsets.  
We observe a small distance between like classes across both train and test subsets, and larger relative distances for 
unlike classes, indicating that annotated regions contain distinct features from background in a consistent manner.

Usage Notes
The annotation files contain relative paths to the NumPy files. We recommend the folder structure shown 
in Fig. 6 for usage of TBBR in conjunction with computer vision libraries such as Detectron241 or 
MMDetection42, or with the provided TBBRDet library (see Code Availability).

For image analysis pipelines we recommend to standardize the images, i.e. center it to 0 mean with a standard 
deviation of 1, to make the different channel ranges of the image data comparable:
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where Z is the transformed data, I the input images, overlines are mean values and σ the standard deviation, 
subscripts denote shapes of the data. For ease-of-use, we have precomputed the resulting values:

I I[130 0, 135 0, 135 0, 118 0, 118 0] ( ) [44 0, 40 0, 40 0, 30 0, 21 0](5) (5)σ= . . . . . = . . . . . .

Train Test Total

Annotated images 723 203 926

Total annotations 5614 1313 6927

Average annotations per image 7.8 6.5 7.5

Rooftop shape No. of annotations

Steep roof 3939 895 4834

Flat roof 524 379 903

Mixed shape 1151 39 1190

Rooftop component No. of annotations

Rooftop surfaces 437 185 622

Component connections (dormers, ridges, valleys, gables, eaves lines, etc.) 3977 842 4819

Cantilevers (cantilever walls, attics, cantilever floor slabs, etc.) 640 149 789

Windows (reveals, lintels, parapets, dome lights, etc.) 560 137 697

Table 3.  TBBR annotation and component overview.
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Code availability
Processing code is publicly available and can be found at https://github.com/Helmholtz-AI-Energy/TBBRDet. 
The software is licensed under the Revised Berkley Software Distribution (BSD-3) license (https://opensource.
org/licenses/BSD-3-Clause). All scripts are implemented with the Python (v.3.6.8) programming language43 and 

Fig. 4  Histograms of thermal (left) and height map (right) pixel values of thermal bridges and background for 
both the train and test subsets within their 8-bit channel ranges of [0, 255]. Note that the height map values have 
been truncated slightly above their maximum at 170 for visual clarity. The zero valued pixel peaks arises from 
slight (~20 pixels) black borders remaining on the right side of images after cropping.

Fig. 5  Euclidean distances between SIFT descriptors for thermal bridges and background annotations between 
train and test subsets.

Fig. 6  Recommended folder structure for TBBR dataset.
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utilize the PyTorch (v.1.10.2) machine learning framework44.
Conceptually, the software provides the following functionalities:
VGG annotation to COCO JSON converter implementing fully automatic conversion from the annotation 

format generated during the manual labeling process into the COCO JSON format archived on Zenodo.
Dataset mappers for the Detectron2 and MMDetection libraries implementing random-access col-

lections to individual images and corresponding annotations. These are necessary for enabling the loading of 
five-channel images in each library. Data may be augmented by arbitrary transformations during the loading 
procedure.

Model configuration for all Detectron2 and MMDetection experiments performed in related works.
Training/evaluation scripts for performing training and evaluation of neural networks for both 

Detectron2 and MMDetection.
Dataset/experiment utilities for exploring the dataset, calculating image normalization coefficients, combin-

ing model scores, and calculating SLURM workload manager system45 statistics (consumed energy, runtime, etc.).
For creating, updating, and validating the FAIR DOs, the Typed PID Maker was used. This is a component 

of the FAIR DO Lab for working on FAIR DO tasks, which is found at https://github.com/kit-data-manager/
FAIR-DO-Lab.
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Abstract: Since the middle of the 20th century many any buildings were built without any energy
standards and still have a comparably poor energy quality. To obtain an overview of the current
thermal quality of buildings in a whole city district, it may be promising to work with thermographic
images obtained by unmanned aerial vehicles (UAV). Aerial thermography represents a fast and
cost-efficient approach compared to traditional terrestrial thermography. In this paper, we describe
an approach to finding thermal bridges on aerial thermographic images and characterizing them in
terms of their risk of mold formation, energy losses, retrofit costs, and retrofit benefits. To identify
thermal bridge types that can be detected reliably on aerial thermographic images, we use a dataset
collected with a UAV in an urban district of the German city of Karlsruhe. We classify and characterize
14 relevant thermal bridge types for the German building cohorts of the 1950s and 1960s. Concerning
the criterion of mold formation, thermal bridges of window components, basement ceiling slabs,
balcony slabs, floor slabs, and attics are found to be particularly relevant to retrofit projects. Regarding
energy savings, the retrofit of thermal bridges of window sills, window lintels, and attics shows high
potential. The retrofit of attics seems to be less attractive, when also taking into account the necessary
retrofit costs.

Keywords: buildings; energy retrofits; thermal bridges; thermography; energy assessment; drones;
unmanned aerial vehicles (UAV)

1. Introduction

A significant share of global greenhouse gas and in particular CO2 emissions comes
from the building and real estate sector [1]. Most greenhouse gas emissions are not
emitted during the construction phase, but during building operation, especially for heat-
ing [2]. In many European countries (e.g., Greece, Italy), a major part of the building stock
was built without any energy standards [3,4]. In Germany, about 75% of the building
stock was built before adoption of the first German thermal insulation regulation of 1979
(“Wärmeschutzverordnung”) and, hence, often is of low energy quality [5,6]. Even to-
day, more than 50 years after the construction of these buildings, their energy quality is
significantly worse than that of newer buildings [7].

Buildings that have not yet been retrofitted consume up to five times more heating
energy than modern buildings [2]. This is mainly caused by a lack of thermal insulation
and thermal bridges. A thermal bridge is an area of the building envelope where heat
is transported considerably faster from the warmer inside to the colder outside than in
adjacent areas. Reasons are different thermal conductivities of materials, geometries of
constructions and components, and air leaks [8,9]. Thermal bridges cause energy losses of
up to one third of the transmission heat loss of an entire building [8]. Additionally, they
lead to the collection of moisture, which can degrade the building fabric or cause mold
formation [8].

To identify weak points of the building envelope such as thermal bridges, an analysis
of the thermal quality of buildings is required for an effective and efficient energy retrofit.
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Infrared thermal imaging allows conclusions to be drawn with respect to thermal radiation,
air leaks, and moisture permeability [10] and, thus, also provides good information for
detecting thermal bridges [11]. Thermography for the energy audit of individual buildings
is a well-proven technique that has been in use since the early 2000s. Lucchi [12] provides
a comprehensive overview of the history and applications of infrared thermography in
the energy audit of buildings. Advantages and disadvantages of various thermography
approaches are summarized by Kylili et al. [13], who review literature and research in the
field of infrared thermography.

To reduce the energy demand of whole building stocks, it is essential to improve the
thermal quality not just of individual buildings, but also of entire city districts [14]. Retrofit
approaches that focus on districts (communities/neighborhoods) are gaining importance in
international retrofit practice [14]. Examples of the simultaneous retrofit planning of many
buildings in a district are Community Energy Strategic Planning (CESP) in the USA [15],
Community Energy Planning (CEP) in Canada [16], Positive Energy Districts (PED) in
Europe [17], and “energetische Quartierskonzepte” (EQ) in Germany [18].

Thermography can also be used for the analysis of buildings in a whole city district.
In a detailed thermographic assessment of individual buildings, both exterior and inte-
rior images should be recorded in accordance with the German standard DIN EN 13187
(1999) [19] and taking into account background information, such as building materials
and construction methods. For the simultaneous assessment of the thermal quality of a
large number of individual buildings, such detailed analyses usually are not suitable, as
they are very time-consuming and expensive [11].

Outdoor thermography without additional building background information still
allows for the detection of thermal bridges, e.g., [10,20]. To audit many buildings within a
short time and with high efficiency, moving thermography is gaining importance. However,
there are only a few approaches [21–25] that analyze multiple buildings at one time (e.g.,
in a district) with respect to thermal bridges. Miller and Singh [21], Garrido et al. [22],
and Macher et al. [23] placed an infrared camera on the top of a car for the camera to
take several pictures of a building façade at an angle of 45◦. Their studies focused on
the automatic detection of thermal bridges using software. A main disadvantage of their
approach is that only façades facing the street can be analyzed and that rooftops can be
hardly recorded. According to Macher et al. [23], this approach is especially suited for
detecting thermal bridges between floors and under balconies. Miño et al. [24] and Aguerre
et al. [25] as well only focus on the street and terrestrial perspective.

For recording images from all different angles of buildings, including rooftops, un-
manned aerial vehicles (UAV, pl. UAVs/drones) equipped with thermal cameras can be
used [26]. Many scientific publications deal with the ideal framework conditions for record-
ing thermographic images using drones. Vorajee et al. [27] wanted to find a qualified and
lightweight infrared camera to detect thermal bridges with drones. Mavromatidis et al. [28]
tried to identify possible uses and limits of the combination of thermography and drones
regarding the distance between the camera and the object. Entrop and Vasenev [26] devel-
oped a protocol for drone flights for the energy audit of buildings based on thermography.
Additionally, Benz et al. [29] used drones for the energy audit of buildings and defined a
general framework for the assessment of the energy performance of buildings by estimating
U-values. They worked with building close-up thermography and tested their approach
for a single school building. Hou et al. [30] experimented with different flight patterns and
angles for drones with thermographic cameras to record whole city districts as a basis for
the analysis of the thermal quality of buildings.

Current publications dealing with the structured analysis of thermal bridges of mul-
tiple buildings on thermographic aerial panorama images are not known to the authors.
Such a transferable procedure would be helpful in practice for an inexpensive and rapid
analysis of a district’s building stock as a basis for the retrofit planning of multiple buildings
intended by CESP, CEP, PED, and EQ. Thus, we develop an approach to identifying, classi-
fying, and assessing thermal bridges of building envelopes recorded with thermographic
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aerial panorama images on a district scale. This approach is demonstrated for German
buildings constructed in the 1950s and 1960s.

2. Methods and Materials
2.1. Procedure

This study aims to investigate how thermal bridges can be detected and assessed in
terms of their impact on energy loss, mold growth, and retrofit costs by using outdoor
thermographic aerial images of buildings recorded by UAV on the district scale. These
recordings are characterized by an increased distance between the infrared camera and the
measurement object, changing recording angles depending on UAV flight routes, and the
absence of indoor images of buildings.

In the first step of the procedure, it is necessary to record thermographic images with
an UAV. For this, an UAV can be programmed to pursue an automatic flight route (e.g., in
a mesh grid or a Y-grid) to cover a whole city district from all four cardinal directions [30].
To enhance the quality of the collected images, preprocessing software, e.g., by FLIR [31],
is used. With this software, the color scale of thermographic images can be adjusted
homogeneously and with a high contrast.

In a next step, thermal bridges can be detected manually on the processed images
taking into account different recording/capturing conditions. When selecting images, it
should be ensured that the framework conditions for good thermographic practice are
fulfilled. This includes suitable weather conditions and recording angles [32]. Good
weather conditions means that rain, snow, sun, and wind have to be avoided. The best
recording times for images are nights, early mornings, and late evenings of cold winter
days. A temperature difference of at least 15 ◦C from normal indoor temperatures of
buildings heated to about 20 ◦C should be ensured so that temperature gradients can be
identified reliably by the human eye [33].

If thermographic images are recorded almost parallel to a building façade (acute
angle), misinterpretations of thermal bridges are likely. It is therefore important to sort out
images with a small angle (<70◦) to the measurement object [10]. To detect thermal bridges,
it is necessary to search for high temperature gradients on the buildings. The detected
areas on the thermographic images are compared to normal RGB images (recorded with
the same UAV or from map service providers) to assure that temperature gradients are not
caused by trivial reasons such as open windows or metal constructions.

In order to develop a transferable assessment approach for thermal bridges on ther-
mographic aerial panorama images, thermal bridge types need to be classified and charac-
terized. If no additional information on the buildings in a district is available, assumptions
are needed regarding their construction materials and architecture. Thus, this approach is
designed for a certain building class with characteristic properties that are needed for the
next steps.

This study focuses exclusively on German buildings constructed in the time between
1950 and 1969. Some typical characteristics of this German building age class follow: hardly
any constructive thermal insulation; often plastered external walls made of masonry with
small cross sections; concrete floors; often flat roofs made of concrete with just a small layer
of insulation; wooden windows with small cross sections; and balconies with a continuous
floor slab without thermal separation [34]. Buildings of this age class are easily identifiable
on aerial images due to their specific characteristics and look.

Analyzing a comprehensive dataset of thermographic aerial UAV images of a German
city (Karlsruhe), it was possible to manually identify 14 distinct and relevant thermal
bridge types (for details on the dataset, see Section 4). This classification simplifies and
is based on the 28 thermal bridge types according to the supplementary sheet 2 of DIN
4108:2019 [35].

In order to characterize the thermal bridge classes concerning the risk of mold growth
and potential heat losses, simulation of representative thermal bridges is required. The
length of a thermal bridge is defined as the reference value for the simulation (unit: linear
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meter). In this way, results can later be transferred to thermal bridges of different lengths,
which can be measured, e.g., with measurement tools from map providers or photogram-
metry approaches. In this study, the software ThermCad from ROWA-Soft [36] is used.
Calculations using this software are based on DIN V 4108-6 [37] and take into account
necessary framework conditions in accordance with the supplementary sheet 2 of DIN
4108 [35]. For the materials and quality of building envelope components, all assumptions
for the simulation are listed in Appendix A. The simulation uses a relative indoor air
humidity of 50% and a relative air humidity on the component surfaces of 80%.

Suitable retrofit options for each thermal bridge type can also be simulated with
ThermCad. The individual retrofit recommendations in this study are based on the criteria
of preventing mold formation, saving energy, and finding retrofit measures with minimal
scope and costs. The cost calculations for retrofits in this study use the BKI database for
both old and new buildings from 2020 [38,39], which is standard in Germany. All cost
values have been checked by professionals and are based on statistical evaluations of more
than 600 billed construction projects accounted in accordance with DIN 276 [40]. Then, all
costs are converted to the unit (EUR/linear meter of thermal bridge retrofit) to also refer to
the length of a thermal bridge. An overview of our research approach is given in Figure 1.

Figure 1. Research approach of this study presented in a flow diagram. The focus of this paper is on
buildings constructed in Germany in the time between 1950 and 1969.

2.2. Database

The database of this study consists of thermal drone images recorded with a DJI
Matrice 600 Pro drone [41], which is especially suitable for professional aerial photography,
combined with the infrared camera DJI Zenmuse XT2 by FLIR [42,43]. This camera system
is DJI gimbal combined with a FLIR Duo Pro R camera. The FLIR camera combines
both thermal imager and visual camera. The thermal camera contains an uncooled VOx
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microbolometer working in the long wavelength range between 7.5 and 13.3 µm. It
has a focal length of 13 mm, a sensor width of 10.88 mm and a spatial resolution of
640 × 512 pixels per image. [42,43]

The area studied is the city district “Innenstadt-Ost” of the German mid-size city
Karlsruhe. It is characterized by a particularly large number of typical German multifamily
and mixed-use buildings constructed in the 1950s and 1960s with a low thermal quality and
a small retrofit progress. In the district, there are primarily apartment buildings for living,
commercial and administrative buildings, and university buildings on the Campus South
of Karlsruhe Institute of Technology. A map of the area studied is presented in Figure 2.

Figure 2. Area where thermal drone images were collected. Map of the city of Karlsruhe, district
Innenstadt-Ost [44].

The image data were recorded during 16 drone flights carried out on three consecutive
days, 19–21 March 2019. From 1–18 March 2019 in the morning, there were a total of
14 rainy days. In this time period, the average maximum daily temperature was 12 ◦C
and the average minimum daily temperature was 5 ◦C. During the three days of flight, no
rainfall was recorded. The air had relatively constant low temperatures between 2 ◦C and a
maximum of 8.7 ◦C during the individual flights. In addition, wind speeds were steady at
around 5 km/h on 19 March 2019 and around 17 km/h on 20–21 March 2019. The images
were recorded in the morning and late evening with a low global radiation of less than
100 W/m2.

In sum, the data set contains around 10,000 thermal and RGB images each. The
formats of the images are panorama images that cover many different objects in one image
and were taken at a height of 60–80 m above ground with a considerable overlap between
80–90%. The extraction of the raw thermal information from the image files depends on
the file format and camera manufacturer. Thus, for the processing of the thermographic
images, we use the FLIR Tools [31] from FLIR systems. Here, the original gray scale thermal
images are colored via the coloring scheme “rainbow” and a temperature scale between −8
and +8 ◦C. However, it must be noted that truly accurate temperature measurements are
difficult to obtain owing to many influencing parameters. An example of a thermographic
image of the data set with its corresponding RGB image is shown in Figure 3.
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Figure 3. Thermographic aerial panorama image (left) with the corresponding RGB aerial panorama
image (right) of inner-city buildings in Karlsruhe.

2.3. Classification and Assessment of Thermal Bridges in German Buildings Constructed between
1950 and 1969
2.3.1. Types of Thermal Bridges

In the dataset, we manually identified 14 different types of thermal bridges on ther-
mographic images of German buildings constructed between 1950 and 1969. These types
of thermal bridges can be categorized according to the building component in which they
occur. Explicitly, we identified the types listed in Table 1.

Table 1. Types of thermal bridges sorted by the building parts in which they occur.

Building Part Type of Thermal Bridge

Thermal bridges of outer walls Connection of the basement ceiling slab with the outer wall
Connection of the wall and the rooftop
Connection of an inside wall with the outer wall
Connection of a floor slab with the outer wall

Thermal bridge types of balconies Balcony slab

Thermal bridge types of windows Roller shutter casing
Window lintel
Window reveal
Window sill

Thermal bridge types of rooftops Connection between the rooftop and an outer wall (steep roof)
Connection of the rooftop and a dormer (steep roof)
Roof ridge (steep roof)
Connection of a staggered story with the rooftop (flat roof)
Connection of an attic with the rooftop (flat roof)

An overview of the 14 thermal bridge types with the corresponding thermographic
image excerpts of the dataset is given in Table 2. Detailed descriptions of these thermal
bridge types with the panorama images from our database are listed in Appendix B. A list
of thermal anomalies that repeatedly appear on thermographic images of our dataset and
that should not be misinterpreted as thermal bridges of buildings is given in Appendix C.

2.3.2. Retrofits of Thermal Bridges

Every type of thermal bridge leads to a different energy loss and mold risk and
requires individual retrofit measures. Current retrofits for thermal bridges usually include
(1) a partial demolition/removal of the old construction components causing a thermal
bridge, (2) the installation of new construction components, including insulation material
or/and completely new components, and (3) ancillary measures such as the installation of
a scaffold or moisture tests [45]. In this study, ancillary measures are not included, as they
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usually depend on the framework conditions of the individual buildings and on whether
multiple retrofit measures are carried out at the same time.

Table 2. Overview of 14 thermal bridge types of German buildings constructed in the time between 1950 and 1969 with
thermographic image excerpts.

Type of Thermal Bridge Example Image Type of Thermal Bridge Example Image

Window sill Balcony slab

Window lintel Dormer

Floor slab Window reveal

Connection wall and rooftop Roof ridge

Connection rooftop on wall Attic

Staggered story Inside wall

Roller shutter casing Basement ceiling slab
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For all types of thermal bridges in this study, common and simple retrofit measures are
considered. For each thermal bridge, one retrofit recommendation is listed in Appendix B,
including a list of all required retrofit measures and calculated costs per linear meter of
thermal bridge.

2.3.3. Characteristic Values for Thermal Bridges

For the simulation and analysis of the different thermal bridge types and their effects,
three characteristic technical values provide information on the risk of mold formation and
the energy loss potential. These are:

- The temperature factor fR,si (-) for evaluating internal surface temperatures with
regard to the risk of mold formation according to the supplementary sheet 2 of DIN
4108 [35]: A component can be assessed to be free from mold at a relative humidity of
higher than 50% regardless of the indoor and outdoor temperatures, if fR,si is higher
than 0.7. For a simple assessment approach, it can thus be assumed that if fR,si is
lower than 0.7, a retrofit is necessary or should be considered because of a high risk of
mold growth and building component deterioration. If fR,si is higher than 0.7, it can
be assumed that a retrofit is not necessary to prevent mold growth.

- The thermal bridge loss coefficient Ψ (W/(m*K)) for determining additional heat
losses caused by thermal bridges according to DIN EN ISO 10211 [46]: The coefficient
Ψ quantifies the additional heat losses through the building envelope caused by a
thermal bridge. It refers to linear thermal bridges and depends on the length of a
thermal bridge.

- The transmission heat loss per length of thermal bridge q (W/m) (not explicitly
defined in standards): The heat loss q also refers to the length of linear thermal bridges
and defines the total heat flow through a linear meter of thermal bridge.

Applying the ThermCad simulation tool, all three characteristic values for each type of
thermal bridge can be derived both for the original state ( fR,si,0, Ψ0, q0) and after a retrofit
of the thermal bridge according to Section 3 and Appendix B ( fR,si,1, Ψ1, q1). To quantify
the benefit of the considered retrofit recommendation for the individual types of thermal
bridges, the reduction of the thermal bridge loss coefficient ∆Ψ = Ψ0 − Ψ1 (W/(m*K)) and
the reduction of heat flow ∆q = q0 − q1 (W/m) after a retrofit are calculated as well.

3. Results

As a result of our study, we provide in Appendix B a detailed thermal bridge catalog
for German buildings constructed between 1950 and 1969. This catalog contains com-
prehensive information on the 14 relevant thermal bridge types identified in this study,
provides exemplary aerial thermographic panorama images of each thermal bridge, and
describes simple retrofit measures.

For representative thermal bridges (see Table 1), we quantified the characteristic values
according to Section 2.3.3 for the 14 thermal bridge types before and after a retrofit, the
estimated costs for a retrofit, and the reduction of heat flow per invested Euro of a retrofit
(called herein the benefit–cost ratio). These values are listed in Table 3 in descending order
of the cost–benefit ratio.

Considering the criterion of mold formation, two thermal bridge types can be assessed
to be free from mold with a value of fR,si,0 that is significantly higher than 0.7. According
to the assessment of examples from the dataset, seven thermal bridge types have a high
risk of mold formation with a value of fR,si,0 that is clearly lower than 0.7. Five types of
thermal bridges have a value of fR,si,0 that is very close to 0.7 and can also be assessed to
be associated with the risk of mold formation. Figure 4 presents an overview of all thermal
bridge types assessed and the criterion of mold formation. With the implementation of
the retrofit measures suggested in this study, all simulation values fR,si,1 of the 14 thermal
bridge types assessed are higher than 0.7 and can be assumed to be free from mold.
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Table 3. Characteristic values, estimated costs, and benefit–cost ratios of the retrofits of 14 thermal bridge types in German
buildings constructed between 1950 and 1969, prior to and after a retrofit (characteristic values are based on simulations
with ThermCad, costs are based on BKI prices as of 2020 [38,39]), sorted according to benefit–cost ratio. The temperature
factor is either below (red), near (yellow), or above (green) the mold formation threshold fR,si of 0.7.

Original State
before Retrofit State after Retrofit Improvement

Estimated
Retrofit
Costs

Benefit–
Cost Ratio

Type of
Thermal Bridge f R,si,0 Ψ0 q0 f R,si,1 Ψ1 q1 ∆Ψ ∆q - -

(-) (W/mK) (W/m) (-) (W/mK) (W/m) (W/mK) (W/m) (EUR/m) (W/EUR)
Window sill 0.48 0.18 147.66 0.92 0.08 83.06 0.10 64.60 173.00 0.37

Window lintel 0.42 0.77 142.30 0.74 −0.34 117.60 1.11 24.70 69.20 0.36
Floor slab 0.55 0.70 105.16 0.72 0.09 89.90 0.61 15.26 49.60 0.31

Wall/rooftop 0.68 0.32 66.82 0.88 0.19 57.75 0.13 9.06 34.60 0.26
Rooftop/wall 0.68 0.32 66.82 0.85 0.21 57.96 0.11 8.86 42.60 0.21

Staggered story 0.78 0.28 67.17 0.82 0.23 59.83 0.06 7.34 49.00 0.15
Roller shutter casing 0.70 0.11 121.94 0.85 −0.24 113.14 0.35 8.80 60.00 0.15

Balcony slab 0.58 0.44 102.96 0.74 −0.05 90.87 0.48 12.09 83.64 0.14
Dormer 0.82 0.09 36.34 0.95 0.05 32.01 0.04 4.33 34.60 0.13

Window reveal 0.57 0.10 126.45 0.72 −0.41 118.55 0.51 7.89 69.20 0.11
Roof ridge 0.71 0.06 36.80 0.82 −0.28 30.04 0.34 6.76 69.00 0.10

Attic 0.48 0.25 106.93 0.73 −0.73 82.04 0.99 24.89 280.26 0.09
Inside wall 0.71 0.05 86.45 0.77 −0.23 81.92 0.28 4.52 57.29 0.08

Basement ceiling slab 0.57 0.04 52.97 0.75 −0.46 46.89 0.50 6.08 106.40 0.06

In the analysis, staggered stories and dormers have a comparably low risk of mold
formation. The results, however, reveal that window sills and lintels, particularly, and that
attics and floor, balcony, and basement ceiling slabs are prone to low temperature factors
fR,si,0 with a comparably high risk of mold. Thermal bridges on window sills are mainly
caused by the construction design for radiator niches—a reduced wall thickness below
windows. In a retrofit, the whole area below the window should be insulated to avoid
mold formation and heat loss. This would result in a very high improvement with respect
to the mold formation risk and the cost–benefit ratio. Window lintels can cause thermal
bridges owing to their material that contrasts with surrounding masonry. In a retrofit,
insulation with a minimum height of 40 cm is placed onto the lintel and the transition
to the surrounding masonry and window frame with an overlap of at least 3 cm on the
building outside. Window reveals can cause thermal bridges when the window is not
placed in the insulation layer of the building. Similar to thermal bridges at window lintels,
they can be retrofitted with an additional outside insulation layer with a minimum 3 cm
overlap to the window frame. Attics are the extensions of flat roofs and their connections
and different materials used can lead to thermal bridges. In a retrofit, the attic has to be
fully covered with insulation and must be placed 50 cm below the roof top. Floor slabs
separate different stories and can produce thermal bridges when not properly insulated.
A retrofit would incorporate insulation on the outside of façades where the floor slabs
adjoin. Basement ceiling slabs separate the unheated basement from the heated ground
floor. Without insulation, thermal bridges can also occur. A retrofit includes an 80 cm high
insulation with 60 cm above and 20 cm below the lower edge of the basement ceiling slab.
The main reason for thermal bridges on balcony slabs is cantilevered slabs that transmit
heat to the outside. However, a retrofit is associated with a rather effortful and costly
demolition of the balcony combined with an insulation and rebuild of a new balcony.
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Figure 4. Criterion of mold formation of 14 thermal bridges in German buildings constructed between
1950 and 1969 prior to a retrofit (based on simulations with ThermCad). The red line marks the mold
formation criterion of 0.7. Thermal bridge types with a red bar are clearly lower, with a yellow bar
close to, and with a green bar clearly higher than 0.7.

After the simulated retrofit, this value increases significantly for window sills, while
for the other thermal bridges the value rises to above the 0.7 benchmark. The energy
savings of a thermal bridge retrofit is determined by the reduction in the transmission heat
flow ∆q caused by a retrofit. Besides window sills, the highest savings can be expected for
window lintels and attics followed by floors and balcony slabs. With respect to the thermal
bridge loss coefficient Ψ, the best retrofit simulation effects can be seen for window lintels,
attics, and floor slabs.

The retrofit costs are calculated for the recommended retrofit measures per thermal
bridge type. The costs include all retrofit costs per linear meter of the respective thermal
bridge. Inflation, tax, depreciation, and interest rates for loans are not considered. Therefore,
the expected retrofit costs are comparable with each other. Per linear meter, attics and
window sills show the highest estimated retrofit costs, but at least for window sills the
benefit–cost ratio is the highest for all thermal bridge types. By considering the retrofit costs
of the different thermal bridge types, it becomes clear that retrofits with a high reduction
in heat flow often also require higher costs. This relationship is shown in Figures 5 and 6,
e.g., by the cost–benefit ratio of the transmission heat flow reduction per invested Euro of a
retrofit, sorted in descending order.

The energy savings after a thermal bridge retrofit are determined by the reduction of
the transmission heat flow ∆q caused by a retrofit. By considering the retrofit costs of the
different thermal bridge types, it becomes clear that retrofits with a high reduction of heat
flow often require higher costs. This relationship is shown in Figures 5 and 6, e.g., by the
cost–benefit ratio of transmission heat flow reduction per invested Euro of a retrofit, sorted
in descending order.
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Figure 5. Costs and heat flow differences of the retrofit of 14 thermal bridge types of German
buildings constructed between 1950 and 1969.
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Summarizing, we find that for German buildings constructed in the middle of the
20th century, thermal bridges of window components, floor/basement ceiling/balcony
slabs, and attics are particularly relevant to retrofit planning and the criterion of mold
formation. Regarding energy savings, the retrofits of thermal bridges of window sills,
window lintels, and attics show the highest potentials. When also taking into account the
necessary costs for energy savings, the retrofits of window sills and window lintels seem to
be most promising. The retrofit of attics seems to be less attractive in this context.

In order to make the approach developed in this paper more comprehensible, a case
study for a German building located in the Karlsruhe city center is demonstrated (see
also Appendix D). The selected reference building (Figures A29 and A30) is an apartment
building located in the Waldhornaße in Karlsruhe. The building consists of four full stories
and a roof story with three dormers. The base of the building has a rectangular shaped
base. On the west side of the building it is connected to a neighboring building, on the
east side partly. There, five types of thermal bridges can be identified at the window,
revealing dormers, floor slabs, balcony slabs, and the connection between an outside
wall and a roof. By using Google maps and the “measure distance” function [47], we
calculated the dimensions of the building and all its components (Table A32). For each
component, a typical heat transfer coefficient (U-value) from the 1950s–1960s is determined
according to Appendix A. Taking into account the corresponding temperature correction
factor and applying the period balance approach (German “Periodenbilanzverfahren”)
in accordance with DIN V 4108-6 [37], leads to an associated transmission heat loss per
component (Table A33). To calculate the thermal bridge surcharge, we use the exact
procedure (German “genaues Verfahren”) [37] (see Appendix D). To determine the state
before and after a retrofit (Table A34), the length-related thermal bridge loss coefficients of
the associated thermal bridge types (Table 3) are used. The transmission heat loss for the
entire reference building is 1042 W/K. The loss due to the thermal bridge areas is around
99 W/K, which corresponds to a share of 9.63% of the heat loss of the entire building. The
transmission heat loss of the entire reference building in the state after the thermal bridge
retrofit is approximately 906 W/K. The retrofit measures reduce the transmission heat loss
by around 136 W/K. This corresponds to a percentage reduction of the transmission heat
loss of about 13%.

4. Discussion

This study shows that thermal bridges can be qualitatively detected and quantitatively
assessed by analyzing aerial thermal panorama images without using additional building-
specific background information.

We demonstrated a simple procedure for the assessment of thermal bridges of German
buildings constructed in the decades of the 20th mid-century. For this, we used thermal
bridge simulation software and technical standard values for building materials and con-
structions of the construction period to model and characterize representative thermal
bridge types of this building class. As a result of our study, we provide a catalogue of
14 relevant thermal bridge types with exemplary aerial thermal panorama images of Ger-
man buildings constructed in the 1950s and 1960s. This catalog also provides information
on simple retrofit measures, the associated retrofit costs (for Germany), possible energy
savings, and the risk reduction of mold formation, by removing a certain thermal bridge
type. Similar studies are not known to the authors—only analyses on thermal images
from terrestrial street-view and terrestrial perspectives are provided in literature. However,
these are not capable for analyzing thermal bridges on rooftops and in upper building
areas. Furthermore, in this study we classified the thermal bridges by hand. Inexperienced
analyzers could misinterpret some thermal anomalies on the panorama images as thermal
bridges (such as ventilation tiles, water pipe aerators, solar systems, lamps, heat build-ups
or open windows (see Appendix C). To avoid such misinterpretations, further research
could automate the thermal bridge detection with respect to the catalogue developed. Fur-
thermore, in the case study we assume homogeneous construction of the building, meaning
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that a certain type of thermal bridge occurs at all comparable building components if it is
clearly identifiable on at least one component part. This could be misleading in the case
of partial retrofits on a building where some components may have been energetically
retrofitted while others have not.

Additionally, we want to note that the thermal bridge surcharge has a negative
sign after the retrofit. From a theoretical point of view, the surcharge should actually
be approximately zero, as there should be no other thermal bridges after the retrofit. In
practice, however, the length-related thermal bridge loss coefficient Ψ also has a negative
sign in some cases. This is due to the fact that in this study we want to make sure that the
criterion for mold formation of fR,si,1 > 0.7 is fulfilled. As a consequence, for some thermal
bridge retrofits, some areas of the standard cross-section are also affected by the retrofit
measures, so that transmission heat loss of the entire building decreases by more than the
value of the thermal bridge surcharge in its current state.

The results of our analysis are easy to transfer. To assess a thermal bridge recorded
on a thermographic aerial image, only three steps are necessary. First, it must be ensured
that the building corresponds to the building class of the 20th mid-century. Second, the
thermal bridge must be classified into one of 14 thermal bridge types, whereby our catalog
with sample aerial thermal panorama images serves as a classification aid. In the third step,
the length of the thermal bridge must be measured with photogrammetric approaches or
using measurement tools such as those provided by map services. From this information,
conclusions about the retrofit benefit of a thermal bridge for energy savings and avoidance
of mold formation can be estimated.

For the planning of retrofits of the 14 thermal bridge types, we state that with regard to
the criterion for mold formation, thermal bridges of window components, floor/basement
ceiling/balcony slabs, and attics are the most relevant. To maximize energy savings,
thermal bridges of window sills, window lintels, and attics are the most relevant.

Finally, we want to critically reflect our approach and results for German buildings
constructed during 1950–1969. All quantitative statements in this section are based on
theoretical and simplified assumptions. While the recorded infrared energy in a thermal
image does originate from the panorama scenes’ effective emissivity, it is influenced by
ambient temperature, moisture, general surrounding atmosphere, and reflective energy
from the background. For the study at hand, however, thermal images are sufficient to
qualitatively identify the thermal bridges and their spatial extent. Further studies should
include simultaneous thermal images on individual buildings and direct temperature
measurements via thermal images, but also incorporate inside and outside temperature
measurements of buildings in the scene to quantitatively substantiate our results.

Further work should compare the results of this study with the actual state of buildings
(e.g., via onsite inspections) and retrofit options and costs in practice (e.g., retrofit packages,
funding schemes, availability of craftspeople, market prices for retrofit materials, and
energy). We acknowledge that in practice, the characteristic values of the thermal bridges
depend on additional factors such as architectural specifics. Retrofit costs can differ due
to regional differences, economies of scale, and additional ancillary costs. It should also
be noted that grants and tax benefits for energy retrofits are not taken into account when
determining the costs for retrofit measures. It can be assumed that the German subsidy
design for energy retrofits would improve the profitability of retrofit measures and be an
incentive for more comprehensive retrofits.

We therefore want to point out that our approach is suitable for the quick and easy
identification of interesting thermal bridge structures on district scale. We thus found our
approach a good instrument for the preselection of relevant buildings and building parts
in the context of retrofit planning. In the specific preparation of building retrofit measures,
a more comprehensive detailed analysis with background information of each individual
building is necessary and recommended.

In following studies, thermal bridge catalogs can be developed for other building
classes in Germany and internationally. Due to the simplicity of our approach, we are
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convinced that our results can be used to automate the analysis of thermal bridges of
buildings on district scale. Current research is already examining automated detection
of thermal bridges on panorama drone images and their classification, e.g., [48]. Thus,
information on thermal bridges of buildings in urban districts can be collected and assessed
in an uncomplicated way as a basis for retrofits in large areas. These results can help to
improve and simplify the simultaneous retrofit planning for multiple buildings, such as in
the context of CEP, CESP, PED, and EQ.

5. Conclusions

Drone technology allows for the simplified recording of thermographic images of
buildings. Compared to terrestrial thermography, aerial images can be recorded faster, at
lower cost, and from all angles, including rooftop perspectives. Thermography with drones
is therefore very well suited for analyzing buildings in entire districts/neighborhoods/
communities. In practical use, aerial thermography has great potential for gaining infor-
mation on building stocks to prepare retrofits of multiple buildings in the context of CEP,
CESP, PED, and EQ. A disadvantage of large-area thermography with drones, however,
is the lack of interior thermographic recordings of buildings and of detailed background
information on individual building materials and construction methods. Building analysis
approaches on the district scale such as the one introduced in this study therefore have to
work with simplifying assumptions. Analysis results based on simplifying assumptions
can be imprecise and deviate. For this reason, the procedure presented in this study is espe-
cially suitable for the identification of interesting thermal bridge structures. Our approach
does not replace detailed analyses of buildings and comprehensive planning efforts for the
retrofit of thermal bridges.

The results of our study, including a catalogue of 14 relevant thermal bridge types
for German buildings from the 1950s and 1960s with exemplary thermographic panorama
images, are suitable for practical use. Future studies could focus on developing catalogs for
thermal bridges of other German and international building classes. In future, our simple
approach will be usable for an automated evaluation of aerial thermal panorama images
of buildings. For automation, it is necessary to detect and assign a building to a building
class, to detect and assign a thermal bridge to a thermal bridge class, and to measure the
length of the respective thermal bridge. For this, computer vision software (e.g., based on
deep learning approaches) can be used.

We assume that both drone technology with thermographic cameras and the focus on
the district scale will gain importance for the retrofit planning of buildings in future. We
hope that with our study we have been able to make a relevant contribution in this field.
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Appendix A

Table A1. Typical U-values for German buildings constructed in the 1950s–1960s (based on: BMWi and BMU, 2015) [49].

Component U-Values (1950–1969) Size

Outer wall, made of vertically perforated brick (VPB) 1.4 0.24 m

Outer wall, wooden structure (dormer) 0.5 0.10 m

Radiator niches 2.8 0.24 m

Wooden windows, 2-layered 2.9 0.07 m

Basement ceiling slab, including floor structure 0.8 0.20 m

Flat roof, massive 0.7 0.20 m

Gable roof, wooden structure 0.7 0.07 m

Table A2. Assumptions for building materials (based on: [50]).

Material Size Thermal Conductivity λ

Vertically perforated brick (VPB) 0.24 m 0.460 W/mK

Wood different sizes 0.100 W/mK

Reinforced concrete 0.20 m 2.300 W/mK

Windows 0.07 m 0.400 W/mK

Façade insulation different sizes 0.035 W/mK

Perimeter insulation different sizes 0.040 W/mK

Table A3. List of heat transfer resistances according to the supplementary sheet 2 of DIN 4108 [35].

Heat Transfer Resistances Temperature (◦C) Rs (m2K/W) Illustration Color

Inside–heated 20 0.25 Red

Inside–not heated 10 0.17 Purple

Outside −5 0.04 Blue

Appendix B

Appendix B.1. Thermal Bridge Types of Outer Walls

Basement ceiling slab
The basement ceiling slab is a horizontal building component that separates the

usually unheated basement from the heated ground floor. This component transfers the
loads from the ground floor onto the load-bearing basement walls. Therefore, the support
of the outer walls is essential to transfer the load [51].

An example of a thermal panorama image shows a thermal bridge in a basement
ceiling slab (Figure A1). For the retrofit of this thermal bridge type, it is necessary to install
a base insulation in the connection area. This serves to balance the effect of the different
specific thermal conductivities and to reduce heat loss. The insulation should be 80 cm
high, with 60 cm above and 20 cm below the lower edge of the basement ceiling. An
illustration of this retrofit measure is shown in Figure A2. The costs for the retrofit of this
thermal bridge type are listed in Table A4 and the change in the characteristic values of
heat loss and mold formation of the building component before and after the retrofit is
shown in Table A5.
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Table A4. Retrofit components and costs of the thermal bridge retrofit of a basement ceiling slab [38,39].

Pos. No. Retrofit Measure *
Installation Height: 80 cm Retrofit Costs per Linear Meter

LB 323-3 Removing old plaster from the building base 11.20 EUR/m

LB 323-6 Removing old plaster base from the wall 11.20 EUR/m

LB 323-68 Preparing base for the thermal insulation system 2.40 EUR/m

LB 323-97 Building base insulation (XPS, 100 mm) 40.00 EUR/m

LB 323-30 Reinforcement fabrics (glass fiber) 8.80 EUR/m

LB 323-67 Plaster (undercoat and finishing plaster) 32.80 EUR/m

Gross total 106.40 EUR/m

* In retrofit practice, a check for possible moisture problems and the need of a base seal is also relevant.

Table A5. Quantifiable results of the thermal bridge retrofit of a basement ceiling slab (ThermCad thermal bridge simula-
tion calculation).

Original State before Retrofit State after Retrofit Improvement

fRsi, 0 Ψ0 q0 fRsi, 1 Ψ1 q1 ∆Ψ ∆q

(-) (W/mK) (W/m) (-) (W/mK) (W/m) (W/mK) (W/m)

0.57 0.04 52.97 0.75 −0.46 46.89 0.50 6.08

Floor slab
A floor slab is a horizontal building component that completes a room at the top and

constitutes the base of the floor above. It transfers the loads from the stories above onto
the load-bearing components and helps in thermal and noise protection. A thermal bridge
occurs when the connection depth of the outer wall is not sufficient for the attachment of
an additional insulation layer in the binding area. The connection area heats disproportion-
ately more than the standard cross section, so that there is a considerable loss of heat of
the reinforced concrete slab. Different materials (masonry and reinforced concrete) with
different specific thermal conductivities increase the thermal bridge effect [2].

An example of a thermal bridge of a floor slab is presented in Figure A3. For the
retrofit of this thermal bridge type, it is necessary to remove a part of the slab and add
a layer of thermal insulation material. The thermal insulation compensates for the effect
of the different specific thermal conductivities of masonry and reinforced concrete and,
thus, reduces the heat loss. A sufficient embedment depth of the thermal insulation is
5 cm and the thermal insulation should be installed over the entire height of the reinforced
concrete ceiling of 20 cm. An illustration of this retrofit measure is shown in Figure A4.
The costs for the retrofit of this thermal bridge type are listed in Table A6 and the change in
the characteristic values of heat loss and mold formation of the building component before
and after the retrofit is shown in Table A7.

Inside wall
Inside walls are vertical components that transfer loads in the longitudinal direction

from the components above. They can be attached directly to the outer wall or integrated
into the outer wall. From a thermal point of view, the integration of the inner wall into the
outer wall is crucial. The thermal bridge effect occurs due to the structural design of the
connection details of the inner wall integration and different cross sectional dimensions.
Columns integrated into the outer wall are constructively equivalent to inside walls in the
outer wall, so that the results achieved here can also be projected and used for column
connections [2].
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Table A6. Retrofit components and costs of the thermal bridge retrofit of a floor slab [38,39].

Pos. No. Retrofit Measure *
Installation Height: 20 cm Retrofit Costs per Linear Meter

LB 323-2 Removing old plaster from the partial area 5.20 EUR/m

LB 323-6 Removing old plaster base from the wall 2.80 EUR/m

LB 313-14 Demolishing old floor slab from the partial area 23.00 EUR/m

LB 323-68 Preparing base for the thermal insulation system 0.60 EUR/m

LB 323-96 Thermal insulation system up to 20 m, PS 50, bonding technique 7.60 EUR/m

LB 323-30 Reinforcement fabrics (glass fiber) 2.20 EUR/m

LB 323-67 Plaster (undercoat and finishing plaster) 8.20 EUR/m

Gross total 49.60 EUR/m

* In retrofit practice, costs for the scaffold are also relevant.

Table A7. Quantifiable results of the thermal bridge retrofit of a floor slab (ThermCad thermal bridge simulation calculation).

Original State before Retrofit State after Retrofit Improvement

f R,si,0 Ψ0 q0 f R,si,1 Ψ1 q1 ∆Ψ ∆q
(-) (W/mK) (W/m) (-) (W/mK) (W/m) (W/mK) (W/m)

0.55 0.70 105.16 0.72 0.09 89.90 0.61 15.26

An example of a thermal bridge of an inside wall/column is presented in Figure A5.
For the retrofit of this thermal bridge type, it is necessary to break off part of the support
or the inner wall and to build a recess into which thermal insulation material can be
filled. For a professional retrofit, a sufficient embedment depth of the thermal insulation of
12 cm must be ensured, which should be integrated over the entire width of the inner wall
embedment of 24 cm. An illustration of this retrofit measure is shown in Figure A6, the
costs for the retrofit of this thermal bridge type are listed in Table A8, and the change in the
characteristic values of heat loss and mold formation of the building component before
and after the retrofit is shown in Table A9.

Table A8. Retrofit components and costs of the thermal bridge retrofit of an inside wall [38,39].

Pos. No. Retrofit Measure *
Installation Height: 24 cm Retrofit Costs per Linear Meter

LB 323-2 Removing old plaster from the partial area 6.24 EUR/m

LB 323-6 Removing old plaster base from the wall 3.36 EUR/m

LB 312-5 Demolishing old outer masonry 14.57 EUR/m

LB 323-68 Preparing base for the thermal insulation system 0.72 EUR/m

LB 323-87 Thermal insulation system up to 20 m, PS 50, Bondig technique 19.92 EUR/m

LB 323-30 Reinforcement fabrics (glass fiber) 2.64 EUR/m

LB 323-67 Plaster (undercoat and finishing plaster) 9.84 EUR/m

Gross total 57.29 EUR/m

* In retrofit practice costs for scaffold are also relevant.

Table A9. Quantifiable results of the thermal bridge retrofit of an inside wall (ThermCad thermal bridge simulation calculation).

Original State before Retrofit State after Retrofit Improvement

f R,si,0 Ψ0 q0 f R,si,1 Ψ1 q1 ∆Ψ ∆q
(-) (W/mK) (W/m) (-) (W/mK) (W/m) (W/mK) (W/m)

0.71 0.05 86.45 0.77 −0.23 81.92 0.28 4.52
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Figure A5. Example: thermal bridge of an inside wall/column.

Figure A6. Before and after the thermal bridge retrofit of an inside wall (created with ThermCad thermal bridge simula-
tion calculator).

Connection wall and rooftop
The connection between the outer wall and the rooftop is difficult for the insulation

work due to different geometric conditions and changing angles. If the insulation is
missing or incorrectly attached, this connection is a thermally weak point of the façade. A
thermal bridge can occur due to the structural design of the external wall in the area of the
connection to the roof. Due to static requirements, a reinforced concrete ring anchor in the
area of the thermal bridge is needed but has a different material compared to the rest of
the standard cross-section of the outer wall. There is a significant loss of heat in the area
of the ring anchor. This effect is reinforced by the different thermal conductivities of the
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various materials that are installed in the connection area (usually masonry and reinforced
concrete) [51].

An example for a thermal bridge of a connection between a wall and a rooftop is
presented in Figure A7. For the retrofit of this thermal bridge type, it is necessary to apply
thermal insulation material in the connection area along the ring anchor. The necessary
insulation should be a total of 20 cm high and installed in the direct connection area to the
roof. An illustration of this retrofit measure is shown in Figure A8, the costs for the retrofit
of this thermal bridge type are listed in Table A10 and the change in the characteristic
values heat loss and criterion for mold formation of the building component before and
after the retrofit is shown in Table A11.
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Table A10. Retrofit components and costs of the thermal bridge retrofit of a connection between a wall and a rooftop [38,39].

Pos. No. Retrofit Measure *
Installation Height: 20 cm Retrofit Costs per Linear Meter

LB 323-2 Removing old plaster from the partial area 5.20 EUR/m

LB 323-6 Removing old plaster base from the wall 2.80 EUR/m

LB 323-68 Preparing base for the thermal insulation system 0.60 EUR/m

LB 323-86 Thermal insulation system up to 20 m, PS 50, bonding technique 15.60 EUR/m

LB 323-30 Reinforcement fabrics (glass fiber) 2.20 EUR/m

LB 323-67 Plaster (undercoat and finishing plaster) 8.20 EUR/m

Gross total 34.60 EUR/m

* In retrofit practice, costs for the scaffold are also relevant.

Table A11. Quantifiable results of the thermal bridge retrofit of a connection between wall and rooftop (ThermCad thermal
bridge simulation calculation).

Original State before Retrofit State after Retrofit Improvement

f R,si,0 Ψ0 q0 f R,si,1 Ψ1 q1 ∆Ψ ∆q
(-) (W/mK) (W/m) (-) (W/mK) (W/m) (W/mK) (W/m)

0.68 0.32 66.82 0.88 0.19 57.75 0.13 9.06

Appendix B.2. Thermal Bridge Types of Balconies

Balcony slab
Balconies are outdoor elements and permanently exposed to changing weather condi-

tions. A thermal bridge can occur especially in cantilevered balcony slabs of old reinforced
concrete buildings, which are designed as an extension of the story ceiling without thermal
decoupling. The cause of the thermal bridge is the structural design of the connection
details of the balcony slab and the associated heating of the external components [8].

An example of a thermal bridge of a balcony slab is presented in Figure A9. This
type of thermal bridge can only be retrofitted if the existing balcony slab is completely
demolished. The thermal bridge can then be removed by inserting an insulating element
between the floor slab and the new balcony slab. An illustration of this retrofit measure is
shown in Figure A10, the costs of the retrofit of this thermal bridge type are listed in Table
A12, and the change in the characteristic values of heat loss and mold formation of the
building component before and after the retrofit is shown in Table A13.

Table A12. Retrofit components and costs of the thermal bridge retrofit of a balcony slab [38,39].

Pos. No. Retrofit Measure *
Installation Height: 20 cm Retrofit Costs per Linear Meter

LB 313-7 Demolishing old balcony slab 22.00 EUR/m

LB 313-89 Cleaning concrete surfaces 0.24 EUR/m

LB 013-128 Thermal insulation element for the balcony connection 4.20 EUR/m

LB 013-84 Reinforced concrete prefabricated component, balcony slab 45.20 EUR/m

LB 013-65 Side rails for the balcony slab 4.40 EUR/m

LB 013-61 Slab, in-situ concrete, SB2, C25/30 7.60 EUR/m

Gross total 83.64 EUR/m

* In retrofit practice, costs for the scaffold are also relevant.
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Table A13. Quantifiable results of the thermal bridge retrofit of a balcony slab (ThermCad thermal bridge
simulation calculation).

Original State before Retrofit State after Retrofit Improvement

f R,si,0 Ψ0 q0 f R,si,1 Ψ1 q1 ∆Ψ ∆q
(-) (W/mK) (W/m) (-) (W/mK) (W/m) (W/mK) (W/m)

0.58 0.44 102.96 0.74 −0.05 90.87 0.48 12.09

Appendix B.3. Thermal Bridge Types of Windows

Window sill
A window sill is the part of a wall below a window. Thermal bridges in these areas

are caused by radiator construction designs. In old buildings, the positioning of radiators
directly below a window is usual. This is due to the poor quality of old windows and
supposed to prevent drafts caused by convection of cold air. In addition, the heat emissions
by the radiator can circulate better on the window than on a wall due to a temperature
difference. In order to save space and enable easier installation of the windows, the wall
thickness in the area of windows in old buildings is often reduced, which is called “radiator
niche” [9].

An example of a thermal bridge of a window sill is presented in Figure A11. For the
retrofit of this thermal bridge type, it is necessary to insulate the entire area below a window.
For this purpose, thermal insulation material should be installed for compensating for the
effect of the different specific thermal conductivities. An illustration of this retrofit measure
is shown in Figure A12, the costs of the retrofit of this thermal bridge type are listed in
Table A14, and the change in the characteristic values of heat loss and mold formation of
the building component before and after the retrofit is shown in Table A15.

Figure A11. Example: thermal bridge of a window sill.
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Figure A12. Before and after the thermal bridge retrofit of a window sill (created with ThermCad thermal bridge simula-
tion calculator).

Table A14. Retrofit components and costs of the thermal bridge retrofit of a window sill [38,39].

Pos. No. Retrofit Measure *
Installation Height: 100 cm Retrofit Costs per Linear Meter

LB 323-2 Removing old plaster from the partial area 26.00 EUR/m

LB 323-6 Removing old plaster base from the wall 14.00 EUR/m

LB 323-68 Preparing base for the thermal insulation system 3.00 EUR/m

LB 323-86 Thermal insulation system up to 20 m, PS 100, bonding technique 78.00 EUR/m

LB 323-30 Reinforcement fabrics (glass fiber) 11.00 EUR/m

LB 323-67 Plaster (undercoat and finishing plaster) 41.00 EUR/m

Gross total 173.00 EUR/m

* In retrofit practice, costs for the scaffold are also relevant.

Table A15. Quantifiable results of the thermal bridge retrofit of a window sill (ThermCad thermal bridge
simulation calculation).

Original State before Retrofit State after Retrofit Improvement

f R,si,0 Ψ0 q0 f R,si,1 Ψ1 q1 ∆Ψ ∆q
(-) (W/mK) (W/m) (-) (W/mK) (W/m) (W/mK) (W/m)

0.48 0.18 147.66 0.92 0.08 83.06 0.10 64.60

Window reveal
Every window has at least one connection joint in the area where the window frame

and the outer wall connect. The anchoring of the window frame in the lateral surface of
the outer wall can be the cause of a thermal bridge. These so-called window reveals exist
both on the inside and on the outside of windows. If the window is not installed within the
insulation layer, the side connection joint of the window to the outer wall is exposed. It is
important to note that there are two possible vertical thermal bridge areas per window [2].

An example of a thermal bridge of a window reveal is presented in Figure A13. For
the retrofit of this thermal bridge type, it is necessary to apply additional thermal insulation
material in the connection area of the window reveal. The main purpose of this is to
compensate for the effect of the different specific thermal conductivities of masonry and
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wood/glass. The necessary insulation should be 40 cm long in total and installed in the
direct connection area of the window reveal. It is important to ensure that the window
frame is insulated by at least 3 cm so that the lateral connection joint between the window
and the outside wall is not exposed. An illustration of this retrofit measure is shown in
Figure A14, the costs of the retrofit of this thermal bridge type are listed in Table A16, and
the change in the characteristic values of heat loss and mold formation of the building
component before and after the retrofit is shown in Table A17.

Figure A13. Example: thermal bridge of a window reveal.

Figure A14. Before and after the thermal bridge retrofit of a window reveal (created with ThermCad the thermal bridge
simulation calculator).
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Table A16. Retrofit components and costs of the thermal bridge retrofit of a window reveal [38,39].

Pos. No. Retrofit Measure *
Installation Height: 40 cm Retrofit Costs per Linear Meter

LB 323-2 Removing old plaster from the partial area 10.40 EUR/m

LB 323-6 Removing old plaster base from the wall 5.60 EUR/m

LB 323-68 Preparing base for the thermal insulation system 1.20 EUR/m

LB 323-86 Thermal insulation system up to 20 m, PS 100, bonding technique 31.20 EUR/m

LB 323-30 Reinforcement fabrics (glass fiber) 4.40 EUR/m

LB 323-67 Plaster (undercoat and finishing plaster) 16.40 EUR/m

Gross total 69.20 EUR/m

* In retrofit practice, costs for the scaffold are also relevant.

Table A17. Quantifiable results of the thermal bridge retrofit of a window reveal (ThermCad thermal bridge
simulation calculation).

Original State before Retrofit State after Retrofit Improvement

f R,si,0 Ψ0 q0 f R,si,1 Ψ1 q1 ∆Ψ ∆q
(-) (W/mK) (W/m) (-) (W/mK) (W/m) (W/mK) (W/m)

0.57 0.10 126.45 0.72 −0.41 118.55 0.51 7.89

Window lintel
Windows have a horizontal lintel above the corresponding wall opening, which

diverts the incoming loads from above to the side of the window. In the area of lintels,
different materials are located next to each other. Usually, masonry is used as the outer
wall and reinforced concrete as the actual lintel of this construction element. Due to this
construction, a thermal bridge can occur on the contact surface [51].

An example of a thermal bridge of a window lintel is presented in Figure A15. For
the retrofit of this thermal bridge type, it is necessary to install thermal insulation material
along the lintel. This should compensate for the effect of the different specific thermal
conductivities of masonry and reinforced concrete. It is important to use thermal insulation
with a height of at least 40 cm that should not only cover the lintel, but also the transition
to the masonry. It is crucial that the window frame is insulated by at least 3 cm, in analogy
to the retrofit of a window reveal. An illustration of this retrofit measure is shown in
Figure A16, the costs of the retrofit of this thermal bridge type are listed in Table A18, and
the change in the characteristic values of heat loss and mold formation of the building
component before and after the retrofit is shown in Table A19.

Table A18. Retrofit components and costs of the thermal bridge retrofit of a window lintel [38,39].

Pos. No. Retrofit Measure *
Installation Height: 40 cm Retrofit Costs per Linear Meter

LB 323-2 Removing old plaster from the partial area 10.40 EUR/m

LB 323-6 Removing old plaster base from the wall 5.60 EUR/m

LB 323-68 Preparing base for the thermal insulation system 1.20 EUR/m

LB 323-86 Thermal insulation system up to 20 m, PS 100, bonding technique 31.20 EUR/m

LB 323-30 Reinforcement fabrics (glass fiber) 4.40 EUR/m

LB 323-67 Plaster (undercoat and finishing plaster) 16.40 EUR/m

Gross total 69.20 EUR/m

* In retrofit practice, also costs for the scaffold are relevant.
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Roller shutter casing
In most existing buildings, the roller shutter casing is integrated into the outer wall.

In this area of the façade, the outer wall has a significantly smaller cross section than the
remaining almost homogeneous outer wall. In addition, the insulating effect of the façade
is reduced by the roller shutter casing. Due to different materials, this thermal bridge is
reinforced by different specific thermal conductivities. The thermal bridge effect is most
intense when the roller shutters are down, as then there is an air-filled space within the
façade [51].

An example of a thermal bridge of a roller shutter casing is presented in Figure A17.
For the retrofit of this thermal bridge type, it is necessary to add additional thermal
insulation material to the roller shutter casing. The insulation is used to compensate for
the effect of the different specific thermal conductivities of the roller shutter box and the
outer wall and to reduce heat loss. This measure can be carried out very quickly and
easily without removing the roller shutter. The insulation material can be pushed into
the roller shutter box from the inside, with a length of about 80 cm being required. It is
important to choose the insulation thickness such that the roller shutter can still be moved
after the retrofit. An illustration of this retrofit measure is shown in Figure A18, the costs
of the retrofit of this thermal bridge type are listed in Table A20, and the change in the
characteristic values of heat loss and mold formation of the building component before
and after the retrofit is shown in Table A21.Energies 2021, 14, x FOR PEER REVIEW 6 of 10 
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Figure A18. Before and after the thermal bridge retrofit of a roller shutter casing (created with
ThermCad thermal bridge simulation calculator).
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Table A20. Retrofit components and costs of the thermal bridge retrofit of a roller shutter casing [38,39].

Pos. No. Retrofit Measure *
Installation Height: 80 cm Retrofit Costs per Linear Meter

LB 330-7 Insulating roller shutter casing 60.00 EUR/m

Gross total 60.00 EUR/m

* In retrofit practice, a check for possible moisture problems and the need of a base seal is also relevant.

Table A21. Quantifiable results of the thermal bridge retrofit of a roller shutter casing (ThermCad thermal bridge
simulation calculation).

Original State before Retrofit State after Retrofit Improvement

f R,si,0 Ψ0 q0 f R,si,1 Ψ1 q1 ∆Ψ ∆q
(-) (W/mK) (W/m) (-) (W/mK) (W/m) (W/mK) (W/m)

0.70 0.11 121.94 0.85 −0.24 113.14 0.35 8.80

Appendix B.4. Thermal Bridge Types of Rooftops

Flat roof: Attic
An attic is an extension of the actual flat roof. The connection between a flat roof

and an attic leads to geometric changes and can cause a thermal bridge. The connection
area warms disproportionately more compared to the standard cross section, so that a
significant heat loss occurs. This thermal bridge effect is reinforced by different materials
used for the attic and roof surfaces [51].

An example of a thermal bridge of an attic is presented in Figure A19. For the retrofit of
this thermal bridge type, it is necessary to completely cover the attic with thermal insulation
material. This compensates for the effect of the different specific thermal conductivities
and minimizes the heat loss and other negative effects of the thermal bridge. For a retrofit,
the thermal insulation material must be introduced directly above the roof insulation and
run around the entire attic. It is important that the insulation on the façade side is attached
up to at least 50 cm below the upper edge of the reinforced concrete ceiling. An illustration
of this retrofit measure is shown in Figure A20, the costs of the retrofit of this thermal
bridge type are listed in Table A22, and the change in the characteristic values of heat loss
and mold formation of the building component before and after the retrofit is shown in
Table A23.

Table A22. Retrofit components and costs of the thermal bridge retrofit of an attic [38,39].

Pos. No. Retrofit Measure *
Installation Height: 162 cm Retrofit Costs per Linear Meter

LB 323-2 Removing old plaster from the partial area 42.12 EUR/m

LB 323-6 Removing old plaster base from the wall 22.68 EUR/m

LB 323-68 Preparing base for the thermal insulation system 4.86 EUR/m

LB 323-86 Thermal insulation system up to 20 m, PS 100, bonding technique 126.36 EUR/m

LB 323-30 Reinforcement fabrics (glass fiber) 17.82 EUR/m

LB 323-67 Plaster (undercoat and finishing plaster) 66.42 EUR/m

Gross total 280.26 EUR/m

* In retrofit practice, the bitumen waterproofing is replaced, if necessary, to prevent moisture problems.

Table A23. Quantifiable results of the thermal bridge retrofit of an attic (ThermCad thermal bridge simulation calculation).

Original State before Retrofit State after Retrofit Improvement

f R,si,0 Ψ0 q0 f R,si,1 Ψ1 q1 ∆Ψ ∆q
(-) (W/mK) (W/m) (-) (W/mK) (W/m) (W/mK) (W/m)

0.48 0.25 106.93 0.73 −0.73 82.04 0.99 24.89
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Figure A20. Before and after the thermal bridge retrofit of an attic (created with ThermCad thermal bridge
simulation calculator).
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Flat roof: Staggered story
A staggered story is an additional top story set back from the outer walls of the

building. A thermal bridge can occur at the connection between a flat roof and a staggered
story, if the insulation in this area is missing or incorrectly applied. The thermal bridge
effect can be reinforced by the different materials used for the staggered story and the roof
surface [51].

An example of a thermal bridge of a staggered story is presented in Figure A21. For
the retrofit of this thermal bridge type, it is necessary to demolish a part of the roof structure
and install new thermal insulation material in the connection area. The thermal insulation
reduces the negative effects of the thermal bridge in the edge area. Due to the necessary
partial removal of the existing roof covering, this retrofit is time-consuming and there is a
risk of moisture problems. The insulation should be 20 cm long in total and installed in
the direct connection area to the rising components of the staggered story. An illustration
of this retrofit measure is shown in Figure A22, the costs of the retrofit of this thermal
bridge type are listed in Table A24, and the change in the characteristic values of heat loss
and mold formation of the building component before and after the retrofit is shown in
Table A25.

Figure A21. Example: thermal bridge of a staggered story.
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Figure A22. Before and after the thermal bridge retrofit of a staggered story (created with ThermCad thermal bridge
simulation calculator).

Table A24. Retrofit components and costs of the thermal bridge retrofit of a staggered story [38,39].

Pos. No. Retrofit Measure *
Installation Height: 100 cm Retrofit Costs per Linear Meter

LB 321-5 Removing and reattaching roof paving 11.80 EUR/m

LB 321-4 Removing and reattaching gravel filling 10.20 EUR/m

LB 321-10 Demolishing old trickle protection mat 2.00 EUR/m

LB 321-9 Removing old filter layer 0.80 EUR/m

LB 321-27 Thermal insulation, DAA, CG, up to 140 mm 16.40 EUR/m

LB 321-35 Roof waterproofing PYE PV250 S5, upper layer 3.40 EUR/m

LB 310-15 Percolating layer, fleece-laminated 3.40 EUR/m

LB 321-40 New trickle protection mat 1.00 EUR/m

Gross total 49.00 EUR/m

* In retrofit practice, the bitumen waterproofing is replaced, if necessary, to prevent moisture problems.

Table A25. Quantifiable results of the thermal bridge retrofit of a staggered story (ThermCad thermal bridge
simulation calculation).

Original State before Retrofit State after Retrofit Improvement

f R,si,0 Ψ0 q0 f R,si,1 Ψ1 q1 ∆Ψ ∆q
(-) (W/mK) (W/m) (-) (W/mK) (W/m) (W/mK) (W/m)

0.78 0.28 67.17 0.82 0.23 59.83 0.06 7.34

Steep roof: Roof ridge
A gable roof has a ridge where the two sloping roof surfaces connect. The ridge has

high demands on the quality of the roof insulation work due to the different geometric
conditions. If the insulation is missing or incorrectly installed, this area can become a
significant thermal bridge within the roof structure. In addition, the air leakage potential
increases considerably due to changes in the angle [2].

An example of a thermal bridge of a roof ridge is presented in Figure A23. For the
retrofit of this thermal bridge type, it is necessary to install thermal insulation material
as under-rafter insulation below the ridge. This reduces the effect of the geometric dis-
continuity and the heat loss through the thermal bridge area. For a professional retrofit,
a sufficient width of the thermal insulation of 30 cm must be ensured, which should be
attached directly to the ridge. It is important that the thermal insulation is applied on both
sides of the ridge. An illustration of this retrofit measure is shown in Figure A24, the costs
of the retrofit of this thermal bridge type are listed in Table A26, and the change in the
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characteristic values of heat loss and mold formation of the building component before
and after the retrofit is shown in Table A27.
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Figure A24. Before and after the thermal bridge retrofit of a roof ridge (created with ThermCad thermal bridge simulation calculator).

Table A26. Retrofit components and costs of the thermal bridge retrofit of a roof ridge [38,39].

Pos. No. Retrofit Measure *
Installation Height: 60 cm Retrofit Costs per Linear Meter

LB 320-11 Demolishing old roof boarding 10.80 EUR/m

LB 320-8 Removing old roof lathing 2.40 EUR/m

LB 320-37 Bottom rafter insulation, MW 035, 100 mm 29.40 EUR/m

LB 320-64 Vapor barrier, variable humidity 4.80 EUR/m

LB 320-72 Cross-laths, dry, 30 × 50 mm, roof 3.00 EUR/m

LB 320-82 Boarding OSB/3 humidity range, 25 mm 18.60 EUR/m

Gross total 69.00 EUR/m

* In retrofit practice, costs for the scaffold are also relevant.
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Table A27. Quantifiable results of the thermal bridge retrofit of a roof ridge (ThermCad thermal bridge simulation
calculation).

Original State before Retrofit State after Retrofit Improvement

f R,si,0 Ψ0 q0 f R,si,1 Ψ1 q1 ∆Ψ ∆q
(-) (W/mK) (W/m) (-) (W/mK) (W/m) (W/mK) (W/m)

0.71 0.06 36.80 0.82 −0.28 30.04 0.34 6.76

Steep roof: Dormer
The connection between the rooftop and a dormer has high demands on the quality of

insulation work due to the geometrical conditions. If the insulation is missing or incorrectly
applied, this connection leads to a thermal bridge within the roof cladding. Due to different
angles, the thermal bridge potential also increases considerably. The thermal bridge effect
is reinforced by the different specific thermal conductivities of wood and masonry [2].

An example of a thermal bridge of a dormer is presented in Figure A25. For the retrofit
of this thermal bridge type, it is necessary to install additional thermal insulation material
along the connection area from the dormer to the rooftop. This serves to balance the effect
of the different specific thermal conductivities of masonry and wood and to reduce heat
loss. The necessary insulation should be 20 cm high and installed in the direct connection
area to the roof. An illustration of this retrofit measure is shown in Figure A26, the costs
of the retrofit of this thermal bridge type are listed in Table A28, and the change in the
characteristic values of heat loss and mold formation of the building component before
and after the retrofit is shown in Table A29.
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Figure A26. Before and after the thermal bridge retrofit of a dormer (created with ThermCad thermal bridge
simulation calculator).

Table A28. Retrofit components and costs of the thermal bridge retrofit of a dormer [38,39].

Pos. No. Retrofit Measure *
Installation Height: 20 cm Retrofit Costs per Linear Meter

LB 323-2 Removing old plaster from the partial area 5.20 EUR/m

LB 323-6 Removing old plaster base from the wall 2.80 EUR/m

LB 323-68 Preparing base for the thermal insulation system 0.60 EUR/m

LB 323-86 Thermal insulation system up to 20 m, PS 100, bonding technique 15.60 EUR/m

LB 323-30 Reinforcement fabrics (glass fiber) 2.20 EUR/m

LB 323-67 Plaster (undercoat and finishing plaster) 8.20 EUR/m

Gross total 34.60 EUR/m

* In retrofit practice, costs for the scaffold are also relevant.

Table A29. Quantifiable results of the thermal bridge retrofit of a connection of a rooftop on a wall (ThermCad thermal
bridge simulation calculation).

Original State before Retrofit State after Retrofit Improvement

f R,si,0 Ψ0 q0 f R,si,1 Ψ1 q1 ∆Ψ ∆q
(-) (W/mK) (W/m) (-) (W/mK) (W/m) (W/mK) (W/m)

0.82 0.09 36.34 0.95 0.05 32.01 0.04 4.33

Steep roof: Connection between a rooftop and a wall
Due to the different geometric conditions, the connection between a rooftop and an

outer wall is associated with high demands on the quality of the insulation work. If the
roof insulation is missing or incorrectly installed, this connection causes a thermal bridge.
In addition, the thermal bridge potential increases considerably due to the angle of the roof
and different materials of the two components [51].

An example of a thermal bridge of a connection between a rooftop and a wall is
presented in Figure A27. For the retrofit of this thermal bridge type, it is necessary to
demolish part of the roof structure and install additional thermal insulation material in
the connection area to reduce the negative effects of the thermal bridge in the edge area.
The partial removal of the existing roof structure makes the retrofit very complex and is
associated with the risk of moisture problems if the vapor barrier is damaged. For the
retrofit, it is important to use a sufficiently long thermal insulation layer of 30 cm, which
is installed in the direct connection area to the outer wall. An illustration of this retrofit
measure is shown in Figure A28, the costs of the retrofit of this thermal bridge type are



Energies 2021, 14, 7360 37 of 43

listed in Table A30, and the change in the characteristic values of heat loss and mold
formation of the building component before and after the retrofit is shown in Table A31.
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Figure A28. Before and after the thermal bridge retrofit of a connection between a rooftop and a wall (created with
ThermCad thermal bridge simulation calculator).
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Table A30. Retrofit components and costs of the thermal bridge retrofit of a connection between a rooftop and a wall [38,39].

Pos. No. Retrofit Measure *
Installation Height: 30 cm Retrofit Costs per Linear Meter

LB 320-2 Removing and reattaching roof covering 6.00 EUR/m

LB 320-8 Removing old roof lathing 1.20 EUR/m

LB 320-20 Demolishing old underlay sill 1.80 EUR/m

LB 320-11 Demolishing old roof boarding 5.40 EUR/m

LB 320-37 Bottom rafter insulation, MW 035, 100 mm 15.00 EUR/m

LB 320-79 Roof boarding, coniferous wood, 24 mm peg 8.10 EUR/m

LB 320-68 Underlay sill, ventilated roof 2.70 EUR/m

LB 320-74 Roof lathing, dry 2.40 EUR/m

Gross total 42.60 EUR/m

* In retrofit practice, costs for the scaffold are also relevant.

Table A31. Quantifiable results of the thermal bridge retrofit of a connection between a rooftop and a wall (ThermCad
thermal bridge simulation calculation).

Original State before Retrofit State after Retrofit Improvement

f R,si,0 Ψ0 q0 f R,si,1 Ψ1 q1 ∆Ψ ∆q
(-) (W/mK) (W/m) (-) (W/mK) (W/m) (W/mK) (W/m)

0.68 0.32 66.82 0.85 0.21 57.96 0.11 8.86

Appendix C

Thermal anomalies on aerial thermographic images that can be misinterpreted as
thermal bridges:

• Ventilation tiles on gable roofs: Ventilation tiles help ventilating the roofing in order
to prevent the formation of mold and moisture problems. These additional but small
heat losses cannot be avoided or retrofitted and can be neglected in accordance with
the supplementary sheet 2 of DIN 4108 [35]. In thermograms, they appear as small
hot dots on rooftops.

• Water pipe aerators: Pipe aerators for wastewater downpipes must also be routed
over the roof. They prevent overpressure or underpressure in the sewage system in
order to protect the residents from harmful sewer gases. Because of the sewage’s own
temperature, there is little heat loss, which is released into the environment via the
pipe aerator and can also be neglected according to the supplementary sheet 2 of DIN
4108 [35]. In thermograms, these also appear as small hot dots on rooftops.

• Solar systems: Photovoltaic systems on roofs can radiate a lot of heat for a long time
after sunset. The roof can then be falsely rated as having a very low energy quality. At
night, this phenomenon is reversed in PV systems. Then, they appear comparatively
cold due to the very high reflection. If there is a photovoltaic system, no conclusions
can be drawn with respect to the thermal quality of the roof below.

• Lamps: Lamps and neon signs that are attached to the building and operated with old,
conventional light sources appear as small flat areas that have a higher temperature
than the remainder of the exterior façades.

• Constructions with heat build-ups: Constructions such as small inner courtyards or
arcade constructions lead to heat build-ups. Due to their protected construction, heat
is retained here particularly well and warm air cannot flow easily. These constructions
are often visible in thermograms as areas with increased temperature, but they are not
thermal bridges and do not need to be retrofitted.
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• Open windows: Through open windows, high amounts of thermal energy can be
transported. On thermograms, open windows can be misinterpreted as thermal weak
points of the façade.

Appendix D

Case study: Exemplary thermal bridge assessment of a German building constructed
in the 1950s/1960s using thermographic aerial images:

Figure A29. Reference building for an exemplary thermal bridge assessment (north orientation).

Figure A30. Thermographic aerial images of the reference building (north, east, and west orientation).

Table A32. Building size characteristics of the reference building [47].

Building Size Characteristics Size Unit

Width 11.40 M

Length 15.40 M

Floor area 175.56 M

Width of jutting edge 6.45 M

Height to roof edge 11.00 M

Building height 14.00 M
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Table A32. Cont.

Building Size Characteristics Size Unit

Number of stories 4 full stories + 1 additional roof story -

Number of windows 20 Pieces

Window sizes 1.76 × 1.38 (length × height) M

Number of French windows 13 pieces

French window sizes 1.76 × 2.31 (length × height) m

Number of dormers 3 pieces

Size dormer (south) 10.4 × 1.5 × 3 (length × height × width) m

Size dormer (north 1) 4.5 × 1.5 × 3 (length × height × width) m

Size dormer (north 2) 4.2 × 1.5 × 3 (length × height × width) m

Table A33. Area sizes, U-values, temperature adjustment factors, and transmission heat losses of components of the
reference building [37,47,49].

Building Component Area
(m2)

U-Value
(W/m2K)

Temperature Adjustment
Factor Fix (-)

Transmission Heat
Loss HT (W/K)

Outside wall north 104.85 1.4 1.0 146.79

Outside wall east 80.63 1.4 1.0 112.88

Outside wall south 84.52 1.4 1.0 118.33

Outside wall west 0.00 1.4 1.0 0.00

Basement wall above ground north 5.70 1.4 1.0 7.98

Basement wall above ground east 3.23 1.4 1.0 4.52

Basement wall above ground south 5.70 1.4 1.0 7.98

Basement wall above ground west 0.00 1.4 1.0 0.00

Basement wall underneath ground north 22.80 1.4 0.6 19.15

Basement wall underneath ground east 12.90 1.4 0.6 10.84

Basement wall underneath ground south 22.80 1.4 0.6 19.15

Basement wall underneath ground west 0.00 1.4 0.6 0.00

Ground floor slab 176.70 1.2 0.4 84.82

Windows north 40.55 2.9 1.0 117.60

Windows east 0.00 2.9 1.0 0.00

Windows south 60.88 2.9 1.0 176.55

Windows west 0.00 2.9 1.0 0.00

Rooftop 136.80 0.7 1.0 95.76

Dormer north 22.05 0.5 1.0 11.03

Dormer east 0.00 0.5 1.0 0.00

Dormer south 20.10 0.5 1.0 10.05

Dormer west 0.00 0.5 1.0 0.00

To calculate the thermal bridge surcharge, we use the high precision method (German
“genaues Verfahren”) [37]:

HT = ∑
i

HT,i + HTB = ∑
i
(Fx,i ∗ Ui ∗ Ai) + ∑

j

(
Ψj ∗ lj

)
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HT : Transmission heat loss (W/K)
HT,i: Transmission heat loss of building component I (W/K)
HTB: Additional transmission heat loss caused by thermal bridges (W/K)
Fx,i: Temperature correction factor of building component i (-)
Ui: Heat transmission coefficient of building component i (W/(m2K))
Ai: Area size of building component i (m2)
Ψj: The thermal bridge loss coefficient of thermal bridge j (W/(mK))
lj: Length of thermal bridge j (m)

Table A34. Transmission heat losses caused by thermal bridges and total transmission heat losses of the reference building
before and after a retrofit [37,47,49].

li Ψ0 Ψ1 HTB,0,i = Ψ0,i * li HTB,1,i = Ψ1,i * li

Thermal bridges (m) (W/mK) (W/mK) (W/K) (W/K)

Window reveal 115.26 0.10 −0.41 11.53 −47.26

Dormer 37.10 0.09 0.05 3.34 1.86

Floor slab 96.30 0.70 0.09 67.41 8.67

Connection
wall/roof 6.00 0.32 0.19 1.92 1.14

Balcony slab 32.70 0.44 −0.05 14.39 −1.64

HTB = ∑ HTB 98.58 −37.23
HT = Fxi * Ui* Ai 943.40 943.40
HT = HT,i + HTB 1041.99 906.17
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A B S T R A C T   

In many industrialized countries, a significant number of buildings were constructed prior to any energy-related 
building construction standards. Today, single-family houses (SFH/pl. SFHs) from this time still have a 
comparably poor thermal quality. This paper aims to examine and model the incentive effects of the German 
energy retrofit funding schemes for owners of SFHs constructed shortly before the introduction of the first 
German thermal insulation ordinance in 1979. We develop a novel mixed-integer economic optimization model 
that determines the financially optimal energy retrofit configuration for owner-occupied SFHs. In a case study, 
we consider German framework conditions such as governmental incentives, standards, regulations, retrofit 
costs, and energy prices. We calculate economic burdens and benefits in 48 different retrofit scenarios for two 
representative SFHs constructed in the 1960s and 1970s. In the majority of cases, the return on investment is 
positive. For heating system retrofits, energy savings are comparatively small, but the cost-benefit ratios of 
retrofits are better than for measures on the building envelope. Overall, we find retrofits to decrease operational 
costs to between 15% and 62% of the initial value. The financial incentive effect of the German funding in
struments can lead to financially optimal savings of CO2 emissions in the range of 82–94%, however our findings 
show that the conditions of the German funding programs are not designed to maximize CO2 savings per funded 
euro. We show that the funding invested to reduce the annual tons of CO2 ranges from 493 € to 3747 € in our 
case study.   

1. Introduction 

In the European Union (EU), building stock accounts for roughly 
40% of the final energy consumption, and roughly 36% of CO2 emissions 
[1]. Thus, the reduction of buildings energy demands is a key element in 
the climate protection strategy of the EU to be implemented by Member 
States [2]. The German Government has declared its aim to reach an 
almost climate-neutral building stock by 2050. Specifically, the primary 
energy demand of buildings should be reduced by 80% compared to 
2008 through energy savings and renewable energy supply [3]. Due to 
the low deconstruction and replacement rates and an increasing demand 
for residential area per capita [4], high energy standards for new 
buildings are not enough to reduce the energy demand of the building 
stock. Instead, retrofits of buildings with low energy standards are 
important. As in the rest of the EU, the retrofit rate in Germany has 
stagnated at around 1% per year [5,6], and the retrofit of building 
components or technical building equipment typically only takes place 
at least 30 years after installation [7]. Even for heating systems with a 

significantly shorter lifetime, experts usually expect its retrofit only 30 
years after its installation [8]. To achieve the German climate goals for 
the building stock by 2050, it is crucial to accelerate retrofits, especially 
those with significant primary energy and CO2 savings. 

For many years, international research has given relatively little 
attention to retrofit strategies for single-family houses (SFH/pl. SFHs). 
Lately, this has increased following the political interest due to the large 
potential for energy and CO2 savings in many countries, especially in 
Europe [9–11]. In Germany, SFHs account for more than half of the 
residential building stock [12]. Of these, 87% are occupied by their 
owners and only 13% are rented [13]. About two thirds of the SFHs in 
Germany were built before the first German Heat Insulation Ordinance 
(Wärmeschutzverordnung) in 1979 and about one third was built be
tween 1958 and 1978 with an often low energy quality [12,14]. Even 
today, about 50 years after their construction, their energy quality is 
significantly worse than that of newer buildings because of various 
deficits in their building envelopes and technical equipment. Their 
heating systems especially require energy retrofits [15]. 
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In Germany, financial profitability appears to be a main driver for 
energy retrofits. This is highlighted by various studies by Stieß et al. 
(2010) [16], Gossen and Nischan (2014) [17] and Renz and Hacke 
(2016) [18] evaluating the motivations of energy retrofit clients via 
qualitative interviews and surveys. In all three studies, economic rea
sons such as a long-term reduction in energy costs, the reduction of 
operating costs, and short amortization periods were mentioned by 
almost all participants as major motivating factors for their energy 
retrofits. 

To increase the economic incentives of energy retrofits, there are a 
variety of funding instruments for retrofitters in Germany. The largest 
and most popular funding programs for residential buildings are coor
dinated by the Kreditanstalt für Wiederaufbau (KfW), which is a public 
German banking group [19–21]. The funding programs “Energy Effi
cient Retrofit” and “Energy Efficient Building” for the period between 
2005 and 2017 supported energy retrofit measures of about 2.8 million 
residential units. In total, 73 million € was invested, contributing to 
annual CO2 savings of more than seven million tons [22,23]. Moreover, 
other smaller funding programs at the federal level are provided by the 
Bundesamt für Wirtschaft und Ausfuhrkontrolle (BAFA), the Federal 
Office for Economics and Export Control [3]. The BAFA funds particu
larly innovative heating systems with renewable energies [24]. Runst 
(2016) [25] analyzed the financial incentives of KfW and BAFA for en
ergy retrofits of buildings for building oners. He summarized publica
tions on payback periods for energy-related building retrofits and found 
that retrofit measures are in general not profitable for building owners 
despite KfW and BAFA funding. In 2020, the conditions of the KfW and 
BAFA funding system were updated and new tax advantages for energy 
retrofits of owner-occupied SFHs were introduced [26]. No studies are 
known to the authors providing information about the recent incentive 
effects of the German funding system since 2020 for climate-friendly 
retrofits from the financial perspective of self-using SFH owners. 

Other European countries (e.g. Italy, Greece, UK, Ireland, Cyprus) 
provide similar financial incentives as part of their national building 
retrofit strategies [2]. As in Germany, these incentives have different 
forms such as funding schemes, grants and tax exemptions, or reductions 
that directly and indirectly reduce the retrofit costs to stimulate energy 
efficiency retrofits in residential and non-residential buildings [27,28]. 
Due to their high relevance and large investments from the public 
treasury, there are a variety of European studies investigating the best 
design of such funding instruments. The studies deal with, for example, 
regional and building specific differences for the funding design of a 
country [29,30], the comparison of different financial initiatives among 
selected European countries [28], the financial attractiveness of in
vestments in the presence and absence of incentive schemes for building 
retrofits [27], and building owner preferences for different structures of 
financial incentives [31]. 

This study investigates the incentive effect of the German funding 
system of 2020 on the comprehensive energy retrofit of owner-occupied 
SFHs constructed between 1958 and 1978. Moreover, we analyse how 
much CO2 can be saved with a financially optimal retrofit of these 
buildings from the perspective of the owners. For this, we develop an 
economic optimization model that provides information on the 
maximum possible financial savings of a building retrofit from the 
perspective of a self-using SFH owner. 

Many existing models for energy retrofits of residential buildings 
focus on optimizing retrofit measures. Wang et al. (2014) [32] present 
an optimization model with a differential evolution algorithm to identify 
optimal retrofit measures that maximize both energy savings and eco
nomic benefits during a selected time period and with a fixed available 
budget. Kumbaroğlu and Madlener (2012) [33] develop an optimization 
model with a techno-economic evaluation method for the energy retrofit 
of buildings to find the optimal set of retrofit measures with maximum 
net present value for a case study building. Financial incentives for 
building owners and users are also considered to evaluate investment 
alternatives. Ruparathna et al. (2017) [34] propose a fuzzy logic-based 

life cycle cost analysis approach for building energy retrofits to estimate 
the overall costs of energy retrofit alternatives and to facilitate the se
lection of those with lowest costs. Simulations are used to compute ex
pected net present values for retrofit alternatives. Penna et al. (2015) 
[30] develop a genetic algorithm and simulation model to investigate 
promising energy efficiency measures related to the building envelope 
and the thermal-conditioning system with respect to multiple competing 
objectives (Pareto approach). Their objectives are the economic per
formance, energy consumption, and thermal comfort of a building. 
However, the model does not consider retrofit measures with renewable 
energies. Asadi et al. (2011) [35] develop a multi-objective optimization 
model to select retrofit measures to minimize the energy use in a 
cost-effective manner, while satisfying several occupants’ requirements. 
This model includes all technically feasible combinations concerning 
windows, insulation materials for the building envelope, and solar col
lectors, without being confined to a small set of predefined retrofit 
scenarios. It is implemented with a Tchebycheff programming simula
tion technique which is complex and difficult to extend. Rosso et al. 
(2020) [36] also implement a multi-objective optimization of building 
retrofits to minimize investment, energy demand or operational energy 
cost, and CO2 emissions. To identify the optimal retrofit measures, they 
use a genetic algorithm with active archive and non-dominated sorting. 
Antipova et al. (2014) [37] develop a fast mixed-integer linear program 
that identifies the alternatives with the lowest environmental impact. 
The program can be adapted to different climatic zones, but is limited to 
a few retrofit measures only. It considers different wall insulation ma
terials, exchange of windows, and the installation of solar panels, while 
the replacement of the heating system or the installation of a ventilation 
system are missing. Jafari and Valentin (2017) [38] optimize the 
life-cycle cost for a specific building during its service life with respect to 
retrofit measures based on available equity. They use a simplified pre
diction method for the building’s energy demand by integrating dy
namic and static modeling and incorporating energy retrofitting 
decision-making uncertainties. However, only limited retrofit mea
sures for a specific project are considered. Wu et al. (2015) [39] present 
a multi-objective optimization (trade-off) to minimize life cycle cost and 
greenhouse gas emissions via retrofits. Their approach consists of a 
dynamic energy demand simulation to depict a wide range of existing 
buildings. It is combined with a mixed-integer linear program. 

The approaches by Wang et al. (2014) [32], Kumbaroğlu and 
Madlener (2012) [33], Ruparathna et al. (2017) [34], Antipova et al. 
(2014) [37], Jafari and Valentin (2017) [38], and Wu et al. (2016) [39] 
can be used or extended for German retrofitting projects. Moreover, they 
can be transferred to different building types and all of them include 
economic objective functions, among others. Only Kumbaroğlu and 
Madlener (2012) [33] quantify the CO2 savings through the retrofit, 
whereby Wu et al. (2016) [39] quantify and maximize the savings of all 
greenhouse gases. Coupling effects1 are only considered by Kumbaroğlu 
and Madlener (2012) [33]. Only Ruparathna et al. (2017) [34] and 
Jafari and Valentin (2017) [38] differentiate between equity and debt 
capital. No existing model is known to the authors that performs an 
economic optimization covering German buildings and German frame
work conditions of energy standards, retrofit costs, different financing 
alternatives and the funding systems of the BAFA, KfW, and German tax 
benefits. Thus, we develop an innovative optimization model for the 
economic assessment and selection of energy retrofits under German 
conditions. The model is capable of the following (requirements): 

1 Coupling effect [40,41]: Energy retrofits are often planned when conven
tional retrofits are necessary anyway. The coupling effect has an impact on the 
cost planning of a retrofit, since often only additional energy-related costs of a 
retrofit measure are relevant then to a building owner. These costs can be 
considerably lower, if retrofit measures are coupled. 
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• Modeling German residential buildings, their building components, 
their retrofit status, and their energy performance 

• Evaluating different retrofit measures and prices for the most com
mon retrofit measures (insulation and retrofit of the building enve
lope components, exchange of the heating system with different 
technologies, installation of a ventilation system, auxiliary 
measures)  

• Considering the coupling effect  
• Integrating German tax advantages and public subsidies on federal 

level (KfW, BAFA) into the cost-benefit optimization  
• Taking into account the technical standards, minimum requirements, 

and laws for energy retrofits in Germany  
• Distinguishing different financing alternatives (with/without equity 

of different amounts)  
• Allowing program implementation with a short computing time to 

allow multiple optimization runs for different scenarios 

The output of the model provides information on financially optimal 
retrofit measures and their CO2 impacts. In a case study, we apply the 
model to two representative buildings of the largest cohort of German 
SFHs from the 1960s and 1970s according to the European TABULA 
building typology [12]. 

2. Methods and theory 

The concept of the optimization model is developed as a mixed- 
integer problem (MIP/pl. MIPs) in Section 2.1 and specified in a case 
study with data for two German buildings, German framework condi
tions, and exemplary retrofit scenarios in Section 2.2. The case study is 
implemented as a program in GAMS [42], a programming language that 
has the advantage of describing an optimization problem in a way that is 
very similar to its mathematical description. For solving MIPs, GAMS 
uses branch and bound algorithms. Appendix 1 contains detailed in
formation on the database used in the case study. Appendix 3 contains 
our annotated code with all constraints in detail. 

2.1. The optimization model 

2.1.1. Target function and model structure 
The target function TF describes the financial perspective of a self- 

using SFH owner. In the considered time period tp [a], owners wants 
to maximize the savings of energy costs after the retrofit (compared to 
before) sav [€], the financial benefits or tax advantages for the retrofit 
benef [€] minus the investments for the retrofit measures inv [€] and the 
costs for a potentially necessary credit cred [€]. All components of the 
target function depend on the vector variable mes [− ], representing a 
bundle of selected retrofit measures. The amount of financial benefits 
depends on the vector variable prog [− ] representing a bundle of 
selected funding programs/tax benefits. The target function describes 
the return on investment (ROI/pl. ROIs) for an energy retrofit. The ROI 
is a main economic decision criterion that is suitable for planning energy 
retrofits [43]. 

The target function is formulated as: 

max TF(mes) =
∑

tp
sav(mes) + benef (mes, prog)

−

(

inv(mes) +
∑

tp
cred(mes, prog)

)

[€]
(1) 

To model the selected bundle of retrofit measures mes, the model 
uses an n-dimensional vector of binary variables of n individual retrofit 
measure (e.g. insulation of the walls, replacement of the heating with a 
heat pump). These equal 1 if a measure according to the optimization 
function is optimal and 0 if not. Similary, the vector prog corresponds to 
an m-dimensional binary vector for retrofit funding programs, indi
cating whether a funding program is optimal for a maximized ROI. The 

constraints of this optimization model are calculations for the invest
ment costs, financial benefits, and performance values (e.g. boiler effi
ciencies, heat distribution losses, wall insulation quality) depending on 
every possible combination of the n retrofit measures. With this infor
mation, it is possible to calculate the expected annual energy demand, 
costs, and CO2 emissions prior to and after energy retrofits according to 
technical standards, described in Section 2.1.2 and Appendix 1. 
Furthermore, the model allows the inclusion of information on building 
parts that must be retrofitted/replaced anyway due to defects (coupling 
effect), which is often the initial motivation for building owners to plan 
comprehensive retrofits [40,41]. 

The outputs of the model are the maximized variables of the target 
function which are the optimal ROI TF, a bundle of optimal retrofit 
measures mes, financial savings sav, suggestions for the optimal funding 
programs/tax benefits prog and the amount of financial benefits benef , as 
well as investment and credit costs inv and cred. Additionally the output 
provides information on energy/CO2 performance values of the building 
after retrofit and the comparison to the building performance before 
retrofit. An overview of the model components is illustrated in Fig. 1. 

2.1.2. Technical model to calculate the heating needs of an SFH 
The basic structure to calculate the energy needs of a building within 

the model is based on the TABULA calculation method for energy use 
from heating and domestic hot water [45]. It applies the seasonal 
method according to the standard EN ISO 13790 [46] of the German 
institute for standardization (DIN). This standard specifies calculation 
methods for determining the annual energy requirement for space 
heating and cooling of a residential building, assuming a constant indoor 
temperature. The methods include the calculation of the heat transfer 
through the building envelope by transmission and ventilation. The heat 
balance of the building also includes the contribution of internal and 
solar heat. To achieve a fast computation time for the optimization 
model, we developed an MIP without non-linear equations by modifying 
the TABULA approach. The calculation equations (Eq. (2) – Eq. (13)) and 
their modifications are listed in Table 1. The modifications particularly 
affect the calculations of the energy needs for heating and hot water, the 
non-renewable energy needs for the heating system, and the needs for 
delivered energy for heating and ventilation (in Eq. (6), Eq. (8) and Eq. 
(10)). For these modifications, we used simplified, linear factors and 
standard values of DIN 4108-6 [47] for annual period accounting, with a 
heating period of 185 days for an averaged climate2 as well as standard 
values of DIN 4701-10 [48]. Moreover, to linearize all equations we used 
fixed efficiency parameters, loss parameters, and specific energy needs.3 

Fig. 2 schematically illustrates the implemented calculation of the 
thermal energy balance of a building and the subsequent primary energy 
needs of the building’s heating system in the optimization problem. The 
model focuses on retrofit measures on the building envelope and fixed 
installed technical equipment; the exchange of appliances like more 
efficient appliances (e.g. efficient dishwashers, shower heads, fridges) 
are not considered. The calculation procedure and references are 
explained in detail in Appendix 1 in the context of to the case study 
described in Section 2.2. 

2.2. Case study for German buildings from the 1960s and 1970s 

2.2.1. Considered buildings 
Two German SFHs are examined that are representative of SFHs 

construction for the decades 1958–1968 and 1969–1978. Both buildings 
are modeled with their average energy quality in 2017. In terms of 

2 For our program, we used climate values for Germany according to our case 
study.  

3 For our program, we used values that rely on estimators on technical 
standards deduced from market investigation of currently available building 
components in Germany according to our case study. 
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quantity and energy needs, both SFHs are representative of the impor
tant German building category of SFHs from the 1960s and 1970s with 
respect to the CO2 reduction potential (Section 1). The underlying data 
for the buildings’ modelings are based on the TABULA building typol
ogy, which provides a comprehensive and validated database [49]. A 
brief description of the buildings is shown in Table 2. Their detailed 
technical building data is listed in Appendix 1 (Table A1.1). For our 
optimization program, we further assume that the considered buildings 

can be connected to a district heating system, that gas heating infra
structure is locally available, that the property’s soil allows deep drilling 
and is large enough to install ground collectors and ground probes for 
heat pumps, and that there is enough space for the installation of a solar 
system on the building’s property. 

2.2.2. Financial benefits and tax advantages for energy-related retrofits 
In the case study, we include financial benefits from the KfW bank 

Fig. 1. Model components of the optimization model including model input parameters, calculation modules, and model outputs. Details for the implementation of 
this model for German buildings are introduced in the case study in Section 2.2. (Explanations [44]: U-value [W/(m2K)]: coefficient for thermal transmittance 
through building components mainly between indoor and outdoor/g-value [− ]: coefficient commonly used in Europe to measure the solar energy transmittance of 
windows. A g-value of 1 describes full transmittance, while a value of 0 describes zero transmittance). 
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and the BAFA as well as tax benefits (status: 03/2020). An overview of 
the funding programs, their allowed combinations, and minimum 
standards are summarized in Table 3. In general, combining two funding 
instruments for a single measure is not possible, while a combination of 
grants and credits is allowed. Some funding instruments are only 
applicable in combination with other instruments. We only consider 
support programs for retrofit measures and funding conditions relevant 
to the focus of this study. We do not consider retrofit measures that do 
not affect a building’s thermal energy needs such as retrofitting of 
electric or water distribution systems. For more details, we refer to the 
explanations of the funding programs and their funding guidelines [19, 
24,26]. 

2.2.3. Retrofit measures and standards 
The retrofit measures included in the case study that can be freely 

combined with each other are:  

• Façade:  
o New windows (2 panes/3 panes),  
o new door,  
o insulation of the walls (U-value between 0.1 and 0.24 W/m2K),  
o insulation of the roof (U-value between 0.1 and 0.3 W/m2K), 

Table 1 
New simplified calculation method for the building performance for energy, CO2 
emissions, and energy costs [45–48].  

Parameter Equation Notation 

Heat transfer 
coefficient by 
transmission Htr 

(Eq. (2)) 
(TABULA, 2013)  

Htr =
∑

envelope part i
bi ∗ Ui ∗ Ai + thf ∗

Aenv

[
W
K

]

b: Standard soil 
adjustment factor 
[− ] 
U: U-value [W/m2K] 
A: Size of an area 
[m2] thf: Standard 
thermal bridging 
surcharge factor[W/ 
m2K] 
Aenv : Area of the 
building envelope 
[m2]  

Heat transfer 
coefficient by 
ventilation Hve 

(Eq. (3)) 
(TABULA, 2013)  

Hve = cpair ∗ (nairuse + nairinf ) ∗ Aref ∗

hroom

[
W
K

]

cpair : Volume-specific 
heat capacity of air 
[Wh/m3K] 
nairuse : Air change rate 
by use [1/h] 
nairinf : Air change rate 
by infiltration [1/h], 
Aref : Reference area 
of the building [m2] 
hroom: Height of the 
buildings’ rooms [m]  

Solar heat load 
during heating 
season Qsol (Eq. 
(4)) 
(TABULA, 2013)  

Qsol = gwindow ∗ Fsh ∗ (1 − FF) ∗ FW ∗

∑

cardinal direction i
Awindowi ∗ Isoli

[
kwh

a

]

gwindow: g-value of the 
windows [− ] 
Fsh: External shading 
[− ] 
FF : Frame area 
fraction [− ] 
FW: Non- 
perpendicular [− ] 
Awindow: Area size of 
windows [m2] 
Isol: Solar global 
radiation [kWh/ 
m2a]  

Internal heat gain 
Qint (Eq. (5)) 
(TABULA, 2013)  

Qint = fu ∗ dhs ∗ φint ∗ Aref

[
kwh

a

]
fu : Conversion factor 
for converting days 
into hours [kh/d] 
dhs : Length of the 
heating season [d/a] 
φint : Average thermal 
output of internal 
heat sources [W/m2] 
Aref : Reference area 
of the building [m2]  

Energy need for 
heating QH (Eq. 
(6)) 
(DIN 4108-6 
modified)  

QH = cdd ∗ (Htr + ηveHve) −

che ∗ (Qsol + Qint)

[
kwh

a

]
cdd: Factor 
considering the 
temperature 
difference between 
inside and outside 
[kKh/a] 
che: Utilization rate 
of heat gains [− ] 
ηve: Efficiency factor 
of the ventilation 
system [− ]  

Energy need for hot 
water QW (Eq. 
(7)) 
(DIN V 4701-10)  

QW = qW ∗ Aref

[
kwh

a

]
qW: Energy need for 
hot water [kwh/ 
m2a] 
Aref : Reference area 
of the building [m2]  

Non-renewable 
energy need for 
the heating 
system QE (Eq. 
(8)) 
(DIN V 4701-10 
modified)  

QE =

(ηsH

ηp
∗ QH + ηsW

∗ QW

)

ηh

[
kwh

a

]
ηsH

: Factor for a 
possible reduction of 
the heating energy 
need by the use of a 
solar thermal system 
[− ] 
ηsW

: Factor for a 
possible reduction of 
the energy need of  

Table 1 (continued ) 

Parameter Equation Notation 

hot water by the use 
of a solar thermal 
system [− ] 
ηh: Efficiency rate of 
the heating 
generation system 
[− ] (For heat pump: 
Annual performance 
factor, for boilers 
and district heat: 
Annual efficiency 
rate) 
ηp: Factor for the 
thermal quality of 
the heating pipes in 
the building [− ]  

Auxiliary electrical 
energy need for 
the heating and 
ventilation 
system Qaux (Eq. 
(9)) 
(TABULA, 2013)  

Qaux = auxel ∗ Aref

[
kwh

a

]
auxel: Factor for the 
auxiliary energy 
need of the heating 
system and the 
ventilation system 
[kWh/m2a]  

Need for delivered 
energy for 
heating and 
ventilation Qdel 
(Eq. (10)) 
(TABULA, 2013 
modified)  

Qdel = QE + Qaux

[
kwh

a

]

Total primary 
energy need for 
the heating 
system PE (Eq. 
(11)) 
(TABULA, 2013)  

PE = QE ∗ fPE + Qaux ∗ fPEel

[
kwh

a

]
fPE: Primary energy 
factor of the used 
energy source [− ]  

Total CO2 

emissions of the 
heating system 
CO2 (Eq. (12)) 
(TABULA, 2013)  

CO2 = QE ∗ fCO2 + Qaux ∗ fCO2 el

[g
a

]
fCO2 : CO2 factor of 
the used energy 
source [g/kWh]  

Total energy costs 
of the heating 
system C (Eq. 
(13)) 
(TABULA, 2013)  

C = QE ∗ p+ Qaux ∗ pel

[€
a

] p: Energy price of the 
used energy source 
[€/kWh]   
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o insulation of the floor (U-value between 0.1 and 0.3 W/m2K)  
• Heating system:  

o Replacement of the heating system with a heat pump (with a 
ground probe/with a ground collector/for outside air) both for 
heating and hot water,  

o with a fossil fuel-based district heating system,  
o with a boiler (gas condensing boiler/oil condensing boiler/pellet 

boiler),  
o with an optional solar system (for hot water only or for the full 

heating system) suitable for the building  
• Others:  

o Renewal of heating pipes,  
o installation of a central ventilation system with heat recovery 

In Germany, the technical requirements for thermal energy retrofits 
are regulated in the German Building Energy Act (Gebäudeenergiegesetz 
(GEG)) [50], which relies on the previous Energy Saving Ordinance 
(Energieeinsparverordnung (EnEV)) [51]. It defines retrofit obligations 
of energy-related components of buildings as well as their minimum 
energy standards. In our program, the quality parameters for retrofitted 
building components are estimated average values according to stan
dards of currently available building components in Germany. All en
ergy values used comply with the GEG 2020. The detailed measures, 
standards, and minimum requirements of our program are listed in the 
database in Appendix 1 (Table A1.2). For further information on the 
qualitative scope of the retrofit measures that are not important for the 
thermal modeling (e.g. average sizes and standard construction material 

of retrofit measures) we refer to the studies by Hinz [40,41], which are 
introduced in the following section. 

2.2.4. Retrofit costs 
The cost functions for the energy retrofit of building components for 

the case study relate to the component surfaces and the building refer
ence area, and are based on Hinz (2015) [41]. The database relies on a 
very comprehensive and high-quality study about German energy ret
rofits evaluating retrofit projects of 1200 residential buildings, of which 
approx. 780 are single and two-family houses. The costs for heat pumps 
also rely on Hinz (2012) [40]. We adjusted these values to the first 
quarter of 2020 by using the same construction price index for the 
maintenance of residential buildings including the value added tax of 
Destatis [52], as in Hinz et al. (2012) [40], and multiply all costs by a 
factor of 1.182. More recent retrofit cost data was not available for all 
considered retrofit measures. In our model, we differentiate between full 
retrofit costs and additional retrofit costs. This difference takes into 
account the coupling principle. The full retrofit costs describe the whole 
energy-related and energy-unrelated investments. The additional costs 
only quantify the additional costs for a higher energy quality than the 
current minimum standard. All modeled cost functions are listed in 
Appendix 1 (Table A1.2). 

2.2.5. Scenario definition 
We define 48 different scenarios (4 × 3 × 4 alternatives) for each 

building: First, we consider four planning periods of 5, 10, 15, and 20 
years that lie within the range of usual economic planning. Second, we 

Table 2 
Basic characteristics of the considered German SFHs of the construction decades 1958–1968 and 1969–1978 [49].  

Characteristics SFH_E  SFH_F  

Number of existing buildings in Germany 1.509 million 1.507 million 
Year of construction 1958–1968 1969–1978 
Reference floor area 121.2 m2 173.2 m2 

Area of the building envelope 463.8 m2 549.2 m2  

Fig. 2. Overview of the energy losses and energy gains of a building (own illustration).  
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consider building owners with no (0€), medium (25.000€), and high 
equity (100.000€) available for the retrofit investment; if higher in
vestments are optimal the model calculates respective credits by a pri
vate bank or funding programs as described in Section 2.2.6. Third, we 
consider four different packages (P1–P4) of necessary retrofit measures 
to take into account the coupling effect. These necessary retrofits cover 
defect/old building components that have to be retrofitted anyway. In 
addition to the necessary retrofit measures, which are specified in the 
individual retrofit packages, any other additional retrofit measures 
described in Section 2.2.3 can be selected within the framework of the 
optimization. The packages cover common retrofit necessities for SFHs. 
They also cover different parts of the building and different extents of 
retrofit efforts. 

These are:  

• (P1) No retrofit necessary,  

• (P2) Retrofit of the building envelope necessary (including the 
insulation of walls and roof, and the exchange of windows and the 
door),  

• (P3) Retrofit of the heating system necessary (including the exchange 
of the heat generator and the insulation of heating pipes), and  

• (P4) Full retrofit necessary (including the envelope as described in 
(P2), the insulation of floors, the replacement of the heating system 
as described in (P3), and the installation of a new ventilation 
system). 

2.2.6. Further data and assumptions 
The data used on prices for energy sources and price changes for the 

considered planning periods, primary energy factors, CO2 factors, and 
factor changes for the considered planning period are summarized in 
Table 4 and in more detail in Appendix 1 (Table A1.3). For credits that 
do not belong to the funding instruments but are offered by a private 
bank we calculate with an interest rate of 1.2%, which corresponds to 
the effective annual construction interest rate of the common credit 

Table 3 
Overview of German subsidy instruments for the thermal energy-efficient retrofit of owner-occupied SFHs [19,24,26] (Explanations: KfW standard [19]: KfW standards 
were defined by the KfW bank and indicate the thermal quality of a building according to its annual primary energy requirement and transmission heat loss. CO2 
emissions are not relevant. The lower the standard, the lower the primary energy requirement of a building).  

Name Object of the program Allowed combinations with 
other programs 

Maximum credit per 
building and interest 
rate 

Direct financial benefit per building Financially supported measures and 
funding conditions 

KfW 151/ 
152 

-Retrofit with high 
efficiency KfW 
standard 
-Single energy 
efficiency measures 

Possible with: KfW 167, 
KfW 431 

-Up to 120,000 €/SFH 
for efficiency standard 
of at least KfW 115 for 
max. 30 years 
-max. 50,000 €/SFH 
for single measures for 
max. 30 years 
0.75% per year (fix for 
10 years) 

-KfW 55: 40% of retrofit costs, max. 
48,000 €/SFH 
-KfW 70: 35% of retrofit costs, max. 
42,000 €/SFH 
-KfW 85: 30% of retrofit costs, max. 
36,000 €/SFH 
-KfW 100: 27.5% of retrofit costs, 
max. 33,000 €/SFH 
-KfW 115: 25% of retrofit costs, max. 
30,000 €/SFH 
-Single measures: 20% of retrofit 
costs, max. 10,000 €/SFH 

-Insulation of walls: Max. allowed U- 
value [W/m2K]: 0.2 
-Insulation of roofs: Max. allowed U- 
value [W/m2K]: 0.14 
-Insulation of floor ceilings: Max. 
allowed U-value [W/m2K]: 0.25 
-Renewal of windows: Max. allowed U- 
value [W/m2K]: 0.95 
-Renewal of doors: Max. allowed U- 
value [W/m2K]: 1.3 
-Installation/renewal of energy-efficient 
ventilation systems 
-Renewal of heating systems: 
Connection to district heating network 
and heat exchanger, pellet boilers, gas 
condensing boiler, heat pumps, solar 
systems (a single measure financial 
support for a heating system with only 
renewable energies is not possible. For 
this it needs the BAFA program as 
described below.) 
-Insulation of heating pipes 

KfW 167 -Heating systems with 
renewable energies 

Possible with: KfW 151/ 
152, KfW 430, KfW 431, 
BAFA program for heating 
with renew. Energies 

-Up to 50,000 €/SFH 
for max. 10 years 
1% per year 

– Same as BAFA program for heating with 
renew. energies 

KfW 430 See KfW programs 
151/152 

See KfW program 151/152 – See KfW program 151/152 Same as KfW 151/152 

BAFA 
heating 
with 
renew. 
energies 

-Heating systems with 
renew. Energies 

- Possible with: KfW 167, 
KfW 431 

– -Solar systems (without retrofit of 
the heating system): 30% of retrofit 
costs 
-Hybrid heating system 
(combination of solar and pellet), 
pellet boilers and heat pumps: 35% 
of retrofit costs/SFH (45% if existing 
system works with oil) 
-max. 50,000 €/SFH 

-Pellet boiler: Minimum efficiency 
factor: 89% 
-Heat pumps: Minimum annual 
performing factor for air [− ]: 3.5, 
Minimum annual performing factor for 
ground heat [− ]: 3.8 
-Insulation of heating pipes in 
combination with the retrofit of the 
heating system with Solar systems, heat 
pumps and pellet boilers 

Tax bene- 
fits 2020 

-All kinds of energy 
efficiency measures 
-Alternative to all the 
programs of KfW and 
BAFA described in 
this table 

– – -20% of retrofit costs, max. 40,000 
€/SFH tax deductible within 3 years 
The collective income tax, reduced 
by the other tax reductions: 
1. Year: Tax reduced by 7% of the 
retrofit costs, max. 14,000 €/SFH, 
2. Year: Tax reduced by 6% of the 
retrofit costs, max. 12,000 €/SFH, 
3. Year: Tax reduced by 6% of the 
retrofit costs, max. 12,000 €/SFH 

Same as all measures and conditions of 
KfW 151/152 + BAFA program for 
heating with renew. Energies + KfW 431  
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institutions in Germany (e.g. local credit institutes such as Sparkasse and 
Volksbank [e.g. [53–55]]). The costs for a credit follow the nominal 
credit costs and we assume that the credit is paid back within the 
considered time period. For state credits from KfW funding programs 
that expire after 10 years, we assume constant interest rates for the 
planning periods of 15 and 20 years. We do not consider opportunity 
profits if the equity is used for investments other than a retrofit. We 
assume that the annual tax obligations of a retrofitter are higher than the 
possible tax benefits of a retrofit. 

3. Results 

Both case study buildings show very similar results and patterns 
across the evaluated retrofit scenarios. There are minor differences 
regarding optimal retrofit measures, optimal financial benefit programs, 
and quantitative results. Detailed optimization results are listed in Ap
pendix A2. 

3.1. Optimization results for SFH_E and SFH_F 

3.1.1. Selected retrofit measures 
For both building types, the installation of a pellet heating system 

with a solar system for hot water was selected as optimal in all opti
mization scenarios except for package P1 (no retrofit necessity) over a 
planning period of 5 years. For packages P1 and P3, no additional 
measures for the building envelope are recommended. For retrofit 
packages P2 and P4, with comprehensive retrofit necessities of the 
building envelope, insulation of the roof, walls, and floor for both 
buildings with the highest U-value of 0.1 W/m2K is optimal. For all 

scenarios where windows are renewed, 2-pane windows are optimal. 
Only for a planning time of 20 years, the use of 3-pane windows is 
preferred to 2-pane windows for both building types. 

3.1.2. Selected benefit programs 
For all considered optimization scenarios, the use of tax benefit 

programs and private credits plays no role. Instead, the program 430 and 
the programs 151/152 respectively are optimal for all optimization 
scenarios with comprehensive retrofits of the building envelope (pack
ages P2 and P4). For packages P1 and P3, where only a renewal of the 
heating system is recommended, the program of BAFA (combined with 
the KfW 167 program in the scenarios with required credits) is optimal. 

3.1.3. Target function/return on investment 
Overall, almost all optimal calculated energy retrofits lead to large 

savings, offsetting the retrofit investments within 20 years. Even 
extensive retrofits can be attractive from an economical point of view 
(Fig. 3). For SFH_E with full equity financing and optimal measures, all 
retrofit packages lead to a positive ROI within 20 years. Only for SFH_F, 
no positive target function can be found with a full retrofit (P4) within 
20 years. 

The financial cost-benefit ratio for measures on the heating system is 
comparably better than for measures on the building envelope. While 
retrofits without retrofit necessity (P1) or with a necessary retrofit of the 
heating system have a positive ROI after 10 years already, the retrofit 
packages with extensive retrofits of the building envelope (P2, P4) have 
a positive ROI only after a longer period of time. For all scenarios, it is 
clear that credit costs are negligible compared to the total costs; they are 
less than 3% of the investments in all scenarios, even for planning times 
of 20 years. We can see that with current interest rates, the available 
retrofit equity has a small impact on the total ROI value. To better 
illustrate the results in the following result sections, we work with 
average values (average ROI with differing funding periods between 5 
and 20 years) for the retrofit scenarios with different amounts of equity 
(Fig. 4, Fig. 5, Fig. 6). 

3.1.4. Investment and financial benefits 
The optimal investments for the retrofits of the two buildings reach 

about 104,000 € for the SFH_E and up to about 110,000 € for the SFH_F 
in the scenarios with necessity for full retrofit (Fig. 4). As expected, in 
the scenarios with no or just a few retrofit necessities (P1, P3) in
vestments are lower. The financial benefits of KfW, BAFA and tax 

Table 4 
Boundary conditions for the case study (primary energy factors and CO2 factors 
[56,57]; CO2 factor growth rates [58]; prices [59,60]; price growth rates [61]).  

Energy source Oil Gas District 
heat 

Pellets Electric 
energy 

Primary energy factors 
[− ] 

1.1 1.1 1.3 0.2 1.8 

CO2 factors [− ] 310 240 280 40 550 
Rates of annual CO2 

factor growth [− ] 
1 1 1 1 0.966 

Prices [€/kWh] 0.0413 0.0661 0.0907 0.0477 0.3071 
Rates of annual price 

growth [− ] 
1.05 1.011 1.005 1 0.997  

Fig. 3. Target function value (return on investment) of the optimization scenarios for different retrofit packages (P1–P4) and different equities, aggregated with 
respect to financing periods (between 5 and 20 years). 
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benefits reach up to about 41,500 € for SFH_E and up to about 44,000 € 
for SFH_F for the full retrofit scenarios (P4) (Fig. 4). All optimal retrofit 
measures and funding programs recommended by the program are 
broken down for all scenarios in Appendix A2.1. 

Fig. 5 shows that the energy-related additional costs for a higher/ 
optimal energy standard after retrofit are only a small share (27–36%) of 
the full costs when conventional retrofits are necessary anyway (P2–P4). 

3.1.5. Performance indicators 
The performance indicators in the optimization are the annual sav

ings in energy (delivered and primary energy), annual CO2 emissions, 
annual energy costs (heating) and the KfW standard. The performance 
values of the buildings in the initial state before retrofits calculated by 
the program are shown in Table 5. 

The performance after an optimal retrofit according to the model is 
shown in Fig. 6 as the proportion of the original energy demand. 

For all scenarios with recommended measures, considerable CO2 
savings can be achieved, with the optimal solution having only 7–18% of 
the original annual emissions. Large savings in delivered energy can 
only be achieved if the building envelope is retrofitted (P2, P4). Here, 
the savings of delivered energy are up to 90%. In the scenarios with 
heating system retrofits only, the possible delivered energy savings are 
comparably small. The savings of primary energy need are up to 95%. 
Correspondingly, the reduction in energy costs is significant for all 
scenarios where retrofit measures are recommended. The reduction in 
operational costs is greatest when measures lead to a reduction of the 
energy need (in the scenarios with a retrofitted envelope). For all sce
narios with recommended measures, the new operational costs are 

between 15% and 62% of the initial value. 

3.2. Result analysis 

The case study shows that most economic retrofits of SFHs from the 
1960s and 1970 can lead to considerable CO2 savings, even within a 
short period of 5–10 years. A reduction in annual CO2 emissions down to 
7–18% of the of pre-retrofit emissions was found for all scenarios for a 
10-year planning period, and for a 5-year planning period with retrofit 
necessities. Within 20 years, all energy retrofits of the two SFH repre
sentatives are amortized or almost amortized through energy savings, 
even in a scenario with a full retrofit necessity. Under the given 
framework conditions, retrofit measures that exceed the regulated 
minimum energy standard of building components prove to be optimal 
in almost all scenarios (see bold retrofit measures listed in Table A2.1). 
In the scenarios with retrofit necessities, the financial funding com
pensates for the additional energy costs of the retrofit measures in 
almost all cases. This is not the case for scenarios without retrofit ne
cessity (P1) where the energy-related additional costs are equivalent to 
the full costs. 

The conditions of German funding programs are not designed to 
maximize the CO2 savings of an energy retrofit. There are considerable 
differences in the funding efficiencies for saved emissions per euro of 
financial benefit for the individual scenarios (Fig. 7). The funding 
invested to reduce an annual ton of CO2 ranges from 493 € (in P1) to 
3747 € (in P4). While the replacement of the heating system in our study 
leads to high CO2 savings, additional measures on the building envelope 
(P2, P4) only lead to relatively small reductions, but are highly 

Fig. 4. Investments and financial benefits (of KfW, BAFA, and tax benefits) for optimal retrofits (average values for scenarios with different amounts of equity 
between 0 €, 25,000 €, and 100,000 €). 

Fig. 5. Shares of additional energy-related costs per full costs of conventional retrofits for economically optimal retrofits (average for scenarios with different 
amounts of equity between 0 €, 25,000 €, and 100,000 €). 
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subsidized. 

3.3. Model validation and program computing time 

To validate the technical model, with its simplified assumptions for 
the calculation of the energy needs of the considered buildings, we 
compared it with calculations and empirical values from TABULA [49]. 
For both considered SFHs, TABULA provides data for three different 
energy performance levels (V1, V2, V3) achieved by different retrofit 
alternatives, which we tested with our model. A performance compari
son (Table 6, Fig. 8) shows that our simplified procedure provides 

Fig. 6. Annual reductions of CO2 emissions, delivered energy need, primary energy need, and energy costs for the reference year 2020 (average for scenarios with 
different amounts of equity between 0€, 25,000 €, and 100,000€). 

Table 5 
Characteristic values for SFH_E and SFH_F for the initial state without retrofit 
measures.   

SFH_E SFH_F 

Annual delivered energy need [kWh] 52,385 49,768 
Annual primary energy need [kWh] 58,175 55,533 
Annual energy costs [€] 3653 3561 
Annual CO2 emissions [kg] 12,817 12,293 
KfW standard 613 515  

Fig. 7. Amount of funding [€] per annually saved ton of CO2 emissions (average for scenarios with different amounts of equity (0 €, 25,000 € and 100,000 €) and 
investment periods (5, 10, 15 and 20a). 
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structurally comparable values like those given by the TABULA Web tool 
[49], whose calculation approach is based on German DIN standard 
calculations, for the two considered SFHs. However, the theoretical 
calculations deviate from empirically averaged recorded values for these 
three energy performance levels. User behavior plays a major role, 
particularly in the case of low energy performance buildings, where 
users tend toward energy-saving behavior, for example by reducing 
average room temperature or by not heating unused building areas [45]. 
This is indicated by “the broad spread of consumption values which can 
be observed in thermally similar buildings and which is the result of 
different thermal comfort levels” [45]. 

For the three given energy performance levels and two building 
types, the most significant differences for the calculated and empirical 
energy needs occur for energetically poorly performing buildings (V1) 
(Table 6). The average inaccuracy between TABULA calculations and 
empirical values is 24%. With 27%, our new linearized method is only 
about 3% worse than the TABULA calculation method. However, our 
program has the advantage of a low complexity and a very fast 
computing time (0.5–3.5 s in all 96 case study scenarios) compared to 
non-linear problems (hours to days). 

3.4. Sensitivity analysis 

There are several parameters in the model implemented in our case 
study program that could be considered for a sensitivity analysis which 
are neither covered by scenarios of our case study nor are fixed building 
parameters. These are: energy prices, energy factors and CO2 factors, 
changes in prices and factors within the planning time, and technical 
parameters. As the energy prices are part of the target function and 
highly relevant to calculate the return on investment, we selected them 
for our sensitivity analysis. We increased and decreased the energy 
prices by 10% (90 and 110% of the standard price level) in all scenarios. 

Our analysis found that with these price changes, the program results 
remain structurally the same (Fig. 9). Only individual optimal retrofit 
measures are slightly different within a scenario (e.g. recommendation 
of 3-pane windows instead of 2-pane windows). For scenarios with a 
longer time period, changes of the target function are higher. This is to 
be expected, as higher/lower savings over a longer time due to changed 
energy prices compound over time. The target functions are on average 
significantly below/above 10% if the prices are adjusted by the same 
percentage, showing a relatively high sensitivity of the model to energy 
prices. With an increase in energy prices by 10%, the average target 

function is 26% above the average target function value at normal en
ergy prices. With a decrease in prices by − 10%, it is at 26% below 
average. However, we want to point out that with values around zero, 
even small absolute changes lead to large percentage deviations. 

The detailed results of the sensitivity analysis for all scenarios are 
shown in Appendix 2. 

4. Discussion 

The developed model complements existing models by introducing a 
simple approach to approximate the energy demand of residential 
buildings with a fast computing time. It is able to model energy retrofits 
for German buildings within German framework conditions, and pro
vides decision support for the most economic retrofit measures for 
buildings from the perspective of self-using SFH owners. The case study 
shows that energy retrofits for the two analyzed German SFHs are 
financially attractive, having short time spans of 10–20 years for posi
tive return on investments, even in scenarios with comprehensive 
retrofit necessities of the buildings. Since these two buildings are 
representative for SFHs for the 1960s and 1970s, comparable results can 
be assumed for many other buildings of this age group. 

Looking at the energy and CO2 savings of retrofits in our case study, 
we see that for heating system retrofits, energy savings are comparably 
small but they lead to higher operational CO2 and cost saving than 
retrofit measures on the building envelope. Large energy savings of up to 
90% can only be achieved by retrofit of the building envelope. Our study 
shows that the conditions of German funding programs are not designed 
to maximize CO2 savings per funded euro. The funding invested to 
reduce an annual ton of CO2 ranges from 493 € to up to 3747 €. When 
prioritizing CO2 savings for climate protection strategies, it might make 
sense to adjust the German funding conditions of BAFA, KfW and tax 
advantages to focus more on CO2 emissions. 

When looking at financial criteria for retrofit planning, it becomes 
clear that the amount of available equity for retrofits investments plays a 
minor role of less than 3% of the investment sum. Tax incentives do not 
appear financially attractive for retrofit measures that lead to the 
achievement of a defined KfW energy quality standard, or for the 
replacement of the heating system with a renewable energy-based sys
tem. In our case studies, the funding programs by the KfW and BAFA 
offer better funding options as selected by the optimization model. 
Comparing the results of our case study for the new funding conditions 
for energy retrofits of SFHs in Germany since 2020, we state a much 

Table 6 
Need for delivered energy calculated with our simplified approach compared to calculated and measured values according to TABULA [49].  

Building SFH_E SFH_F 

Technical standard (U-values 
[W/m2K]) 

New 
simplified 
approach 

TABULA 
calculated 

TABULA 
empiric 
data 

Technical standard (U-values 
[W/m2K]) 

Simplified 
Approach 

TABULA 
calculated 

TABULA 
measured 

V1: Annual 
delivered 
energy 
without 
retrofit 

Roof (0.8), Wall 1 (1.2), Wall 2 
(0.8), Floor (1.08), Windows 
(2.8), Door (3) 
Old gas boiler from 1987 to 
1994 

432.22 
kwh/m2 

(179%) 

407.3 
kwh/m2 

(169%) 

241.4 
kwh/m2 

(100%) 

Roof (0.5), Wall 1 (1), Floor 1 
(0.77), Floor 2 (1), Windows 
(2.8), Door (3) 
Old gas boiler from 1987 to 
1994 

287.35 
kwh/m2 

(133%) 

313.9 
kwh/m2 

(146%) 

215.4 
kwh/m2 

(100%) 

V2: Annual 
delivered 
energy with 
good quality 
retrofit 

Roof (0.41), Wall 1 (0.23), 
Wall 2 (0.21), Floor (0.31), 
Windows (1.3), Door (1.3) 
Gas boiler from 1995 

155.53 
kwh/m2 

(102%) 

173.1 
kwh/m2 

(113%) 

152.8 
kwh/m2 

(100%) 

Roof (0.18), Wall 1 (0.22), 
Floor 1 (0.28), Floor 2 (0.3), 
Windows (1.3), Door (1.3) 
Gas boiler from 1995 

96.64 kwh/ 
m2 

(77%) 

132.4 
kwh/m2 

(105%) 

125.5 
kwh/m2 

(100%) 

V3: Annual 
delivered 
energy with 
very high 
quality retrofit 

Roof (0.14), Wall 1 (0.13), 
Wall 2 (0.12), Floor (0.23), 
Windows (0.8), Door (0.8) 
Gas condensing boiler with 
high efficiency, ventilation 
system with 80% heat 
recovery, solar system for hot 
water covering 60% of heat 
production 

69.23 kwh/ 
m2 

(112%) 

59.6 kwh/ 
m2 

(96%) 

62.0 kwh/ 
m2 

(100%) 

Roof (0.09), Wall 1 (0.13), 
Floor 1 (0.21), Floor 2 (0.23), 
Windows (0.8), Door (0.8) 
Gas condensing boiler with 
high efficiency, ventilation 
system with 80% heat 
recovery, solar system for hot 
water covering 60% of heat 
production 

55.35 kwh/ 
m2 

(112%) 

46.8 kwh/ 
m2 

(95%) 

49.3 kwh/ 
m2 

(100%)  
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better profitability than Runst (2016) [25], who found that retrofit 
measures are in general not profitable for building owners despite pre
vious KfW and BAFA funding conditions. 

We also want to highlight the shortcomings and possible improve
ments of our developed model. The model only includes retrofit mea
sures on the building envelope or fixed installations/equipment relevant 
to the thermal energy demand of SFHs. Furthermore, the embodied 
energy and embodied emissions of the retrofit measures are also 
excluded. As described in Section 3.3., financial, energy, and CO2 sav
ings are systematically overestimated, in particular for buildings with 
low energy quality. This is a problem that affects all calculation ap
proaches that do not take into account data for user behavior. For 
buildings with a low energy performance level, it appears that calcu
lated energy needs are higher than empirically measured energy needs. 
To include the impact of user behavior, respective correction factors 
could potentially improve modeling results. Here, we decided not to 
include such factors, as German DIN standards and German funding 
conditions are based on theoretically calculated needs for standardized 
behaviour. Furthermore, there are also no generalizable correction 
factors that can be applied linearly and that are scientifically well- 
founded. TABULA (2017) currently only provides correction factors 
for exemplary buildings and exemplary retrofit measures [49]. 

For the cost calculation of retrofit measures as of 2020, we mainly 
used a database from 2015 from a comprehensive study. Since no cur
rent database of comparable quality and information is available, we 
used an adjustment factor for the cost of retrofit measures from the 
Federal Statistical Office. This does not take into account potentially 
differing price increases for different measures. The data could be 
updated with newer and more precise values. 

In our model we do not consider the increased building values (asset) 
through investments. This leads to a systematic underestimation of the 
financial benefits of energy retrofits. Also, we neglected stochastic ele
ments e.g. of costs due to possible defects of building technology or 
increasing maintenance costs for building technology with increasing 

age. As these effects are difficult to quantify, we decided to exclude these 
aspects. 

Furthermore, the annual thermal building energy need was calcu
lated via a simplification (linearization). This differs from current 
standard approaches and from the real energy consumption (Section 
3.3). To improve our model, a higher modeling complexity working with 
energy demands instead of energy needs could be beneficial, e.g. based 
on detailed BIM4-based simulations via EnergyPlus (E+) or Integrated 
Environmental Solutions Virtual Environment (IES VE) that are closer to 
measurements. The consideration of non-linear equations, smaller time 
intervals (monthly/daily/hourly instead of annually) or of sector 
coupling between electricity and heat generation would be interesting 
and could also lead to more precise results. However, this would in
crease the computing time of the model significantly. 

Since 2021, there is a new CO2 emission pricing system in Germany 
with about 25 €/ton of emitted CO2 (rising up to 55 €/ton CO2 in 2025). 
This leads to increased costs of oil by about 0.8 cents/kWh and of gas by 
0.5 cents/kWh and a reduction in electricity costs is planned, but not 
further specified yet [62,63]. Therefore, its effect is still unclear and 
cannot be considered currently, but should be taken into account in 
subsequent studies. 

In future, the objective function of the model could be transformed 
into a multi-criteria problem including thermal or aesthetic comfort for 
example. A more complex economic objective is also possible, as 
described in e.g. the European Energy Performance of Buildings Direc
tive [64], which takes into account a life cycle assessment of buildings 
and building components. 

In a further step, the model results could be scaled up to Germany’s 
owner-occupied residential buildings, helping to design German 
“Energiewende” transition paths for the SFH stock. This could be 
simulated for example by considering the willingness to pay or invest by 

Fig. 8. Comparison of the new simplified approach for the calculated and measured (empiric) delivered energy need according to TABULA [49] for different retrofit 
qualities V1, V2, and V3 and the two considered SFHs. 

Fig. 9. Optimization results for different energy price levels (110% of prices and 90% of prices) – average target functions for the retrofit scenarios for the four 
retrofit packages. 

4 BIM = Building Information Modeling. 
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different sinus milieu groups of SFH owners, neighborhood effects, 
regional differences in economic prosperity, and other influential factors 
on energy retrofit implementation. With a modified database, SFHs and 
funding schemes of other countries could also be analyzed with our 
model. 

5. Conclusions 

To investigate the incentive effect of the German funding system as 
of 2020 for energy retrofits of owner-occupied SFHs constructed in the 
time between 1958 and 1978, we developed an optimization model and 
performed a case study utilizing it. We included the funding schemes of 
the Kreditanstalt für Wiederaufbau banking group (KfW) and the Fed
eral Office for Economics and Export Control (Bundesamt für Wirtschaft 
und Ausfuhrkontrolle (BAFA)) as well as tax benefits. Our case study 
uses two representative SFHs from the 1960s and 1970s show that ret
rofits of SFHs in Germany can significantly lower the energy demand of 
buildings in a financially optimal scenario for owners. Moreover, we 
analyzed how much CO2 can be saved with a financially optimal retrofit 
of these buildings from the perspective of self-using SFH owners. We 
found that the financial incentive effect of the German funding in
struments can lead to financially optimal annual CO2 emissions of 
7–18% of the original annual emissions. Yet, it is clear that the condi
tions of German funding programs are not designed to maximize CO2 
savings per funded euro. The funding invested to reduce an annual ton of 
CO2 ranges from 493 € to up to 3747 € in our study. Since the KfW and 
BAFA programs are not only aiming at reduced energy demand/con
sumption, but also a means to achieve the national climate goals, it is 
necessary to consider an adaption of the German funding schemes 
focusing more on CO2 reduction potentials instead of energy savings. 

We showed that the current funding schemes lead to positive return 
on investments in most of the considered scenarios and investment pe
riods of our study. From the economic perspective, the amount of 
available equity for retrofits investments plays a minor role. In our case 
study, we found that the funding programs by the KfW offer better 
funding options for comprehensive retrofits than tax benefits, as higher 
subsidies are granted with higher energy standards of the whole 
building. 

Overall, from the theoretical perspective of our model we find that 
the funding conditions in Germany are already very attractive to moti
vate SFH owners of buildings from the 1960s and 1970s to save energy 
and CO2 with comprehensive retrofits. If we consider the low rate of 
building retrofits in Germany (around 1%), then we can conclude that 
this low rate is likely not caused by the lack of attractive funding con
ditions for this building class. 

Finally, we would like to highlight that the investigation of the 
funding conditions for SFHs constructed before any energy regulation 
standards in other European countries would be very beneficial towards 
helping achieve climate their goals. For this, the systematics of our 
simple model can be adopted and our case study program easily modi
fied. This would also likely be beneficial for other pre-energy regulation 
building classes within Germany as well. 
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translated as: Tax reduction for energetic measures in buildings used for own 
residential purposes.) Online 28.07.2021: https://www.gesetze-im-internet.de/est 
g/__35c.html. 

[27] M. Menicou, et al., Economic evaluation of financial incentive schemes for energy 
retrofit projects in residential buildings, J. Sustain. Architect. Civ. Eng. 16 (3) 
(2016) 32–45, https://doi.org/10.5755/j01.sace.16.3.16200. 

[28] G. Trotta, et al., Energy efficiency in the residential sector: identification of 
promising policy instruments and private initiatives among selected European 
countries, Energy Effic. 11 (8) (2018) 2111–2135, https://doi.org/10.1007/ 
s12053-018-9739-0. 

[29] L. Di Pilla, et al., Optimizing the distribution of Italian building energy retrofit 
incentives with Linear Programming, Energy Build. 112 (2016) 21–27, https://doi. 
org/10.1016/j.enbuild.2015.11.050. 

[30] P. Penna, et al., Multi-objective optimization for existing buildings retrofitting 
under government subsidization, Sci. Technol. Built. Environ. 21 (6) (2015) 
847–861, https://doi.org/10.1080/23744731.2015.1028867. 

[31] M. Collins, et al., Financial Incentives for Residential Energy Efficiency Investments 
in Ireland: Should the Status Quo Be Maintained? ESRI WP562, 2017. May 2017, 
http://hdl.handle.net/10419/174295. 

[32] B. Wang, et al., A multi-objective optimization model for the life-cycle cost analysis 
and retrofitting planning of buildings, Energy Build. 77 (2014) 227–235, https:// 
doi.org/10.1016/j.enbuild.2014.03.025. 
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erneuerbarer Energien zur Wärme- und Kälteerzeugung in Gebäuden, 
Bearbeitungsstand 01.11.2020. (May be translated as: Law on saving energy for the 
use of renewable energies for heating and cooling of buildings. Processing status 
01/11/2020.) Online 28.07.2021: http://www.gesetze-im-internet.de/geg/, 2020. 

[51] Energieeinsparverordnung (EnEV) (2015). Energieeinsparverordnung vom 24. Juli 
2007 (BGBl. I S. 1519), die zuletzt durch Artikel 3 der Verordnung vom 24. 
Oktober 2015 (BGBl. I S. 1789) geändert worden ist. (May be translated as: Energy 
Saving Ordinance of July 24, 2007 (Federal Law Gazette I p. 1519), which was last 
amended by Article 3 of the Ordinance of October 24, 2015 (Federal Law Gazette I 

Z. Mayer et al.                                                                                                                                                                                                                                   

https://www.destatis.de/DE/Themen/Querschnitt/Jahrbuch/jb-wohnen.pdf?__blob=publicationFile
https://www.destatis.de/DE/Themen/Querschnitt/Jahrbuch/jb-wohnen.pdf?__blob=publicationFile
https://www.kfw.de/PDF/Download-Center/Konzernthemen/Research/PDF-Dokumente-alle-Evaluationen/Einflussfaktoren-auf-die-Sanierung-im-deutschen-Wohngeb%C3%A4udebestand_2016.pdf
https://www.kfw.de/PDF/Download-Center/Konzernthemen/Research/PDF-Dokumente-alle-Evaluationen/Einflussfaktoren-auf-die-Sanierung-im-deutschen-Wohngeb%C3%A4udebestand_2016.pdf
https://www.kfw.de/PDF/Download-Center/Konzernthemen/Research/PDF-Dokumente-alle-Evaluationen/Einflussfaktoren-auf-die-Sanierung-im-deutschen-Wohngeb%C3%A4udebestand_2016.pdf
https://www.iwu.de/fileadmin/user_upload/dateien/gebaeudebestand/prj/Endbericht_Datenerhebung_Wohngeb%C3%A4udebestand_2016.pdf
https://www.iwu.de/fileadmin/user_upload/dateien/gebaeudebestand/prj/Endbericht_Datenerhebung_Wohngeb%C3%A4udebestand_2016.pdf
https://www.iwu.de/fileadmin/user_upload/dateien/gebaeudebestand/prj/Endbericht_Datenerhebung_Wohngeb%C3%A4udebestand_2016.pdf
http://www.isoe-publikationen.de/publikationen/publikation-detail/?tx_refman_pi1%5Brefman%5D=354&amp;tx_refman_pi1%5Bcontroller%5D=Refman&amp;tx_refman_pi1%5Baction%5D=detail&amp;cHash=75e2c320a175a52f327e678e4bdd61dc
http://www.isoe-publikationen.de/publikationen/publikation-detail/?tx_refman_pi1%5Brefman%5D=354&amp;tx_refman_pi1%5Bcontroller%5D=Refman&amp;tx_refman_pi1%5Baction%5D=detail&amp;cHash=75e2c320a175a52f327e678e4bdd61dc
http://www.isoe-publikationen.de/publikationen/publikation-detail/?tx_refman_pi1%5Brefman%5D=354&amp;tx_refman_pi1%5Bcontroller%5D=Refman&amp;tx_refman_pi1%5Baction%5D=detail&amp;cHash=75e2c320a175a52f327e678e4bdd61dc
http://www.isoe-publikationen.de/publikationen/publikation-detail/?tx_refman_pi1%5Brefman%5D=354&amp;tx_refman_pi1%5Bcontroller%5D=Refman&amp;tx_refman_pi1%5Baction%5D=detail&amp;cHash=75e2c320a175a52f327e678e4bdd61dc
https://www.gebaeude-energiewende.de/data/gebEner/user_upload/Dateien/GEW_AP1_Ergebnisbericht_Interviews_final_141126.pdf
https://www.gebaeude-energiewende.de/data/gebEner/user_upload/Dateien/GEW_AP1_Ergebnisbericht_Interviews_final_141126.pdf
https://www.kfw.de/PDF/Download-Center/Konzernthemen/Research/PDF-Dokumente-alle-Evaluationen/Einflussfaktoren-auf-die-Sanierung-im-deutschen-Wohngeb%C3%A4udebestand_2016.pdf
https://www.kfw.de/PDF/Download-Center/Konzernthemen/Research/PDF-Dokumente-alle-Evaluationen/Einflussfaktoren-auf-die-Sanierung-im-deutschen-Wohngeb%C3%A4udebestand_2016.pdf
https://www.kfw.de/PDF/Download-Center/Konzernthemen/Research/PDF-Dokumente-alle-Evaluationen/Einflussfaktoren-auf-die-Sanierung-im-deutschen-Wohngeb%C3%A4udebestand_2016.pdf
https://www.kfw.de/PDF/Download-Center/Konzernthemen/Research/PDF-Dokumente-alle-Evaluationen/Einflussfaktoren-auf-die-Sanierung-im-deutschen-Wohngeb%C3%A4udebestand_2016.pdf
https://www.kfw.de/inlandsfoerderung/Privatpersonen/Bestandsimmobilie/F%C3%B6rderprodukte/F%C3%B6rderprodukte-f%C3%BCr-Bestandsimmobilien.html
https://www.kfw.de/inlandsfoerderung/Privatpersonen/Bestandsimmobilie/F%C3%B6rderprodukte/F%C3%B6rderprodukte-f%C3%BCr-Bestandsimmobilien.html
https://www.kfw.de/inlandsfoerderung/Privatpersonen/Bestandsimmobilie/F%C3%B6rderprodukte/F%C3%B6rderprodukte-f%C3%BCr-Bestandsimmobilien.html
https://www.kfw.de/KfW-Konzern/Service/Download-Center/Konzernthemen/Research/Evaluationen/Evaluationen-Energieeffizient-Bauen-und-Sanieren/
https://www.kfw.de/KfW-Konzern/Service/Download-Center/Konzernthemen/Research/Evaluationen/Evaluationen-Energieeffizient-Bauen-und-Sanieren/
https://www.kfw.de/KfW-Konzern/Service/Download-Center/Konzernthemen/Research/Evaluationen/Evaluationen-Energieeffizient-Bauen-und-Sanieren/
https://www.iwkoeln.de/fileadmin/publikationen/2017/317876/IW-Gutachten_2017_Energetische_Foerderung.pdf
https://www.iwkoeln.de/fileadmin/publikationen/2017/317876/IW-Gutachten_2017_Energetische_Foerderung.pdf
https://www.iwkoeln.de/fileadmin/publikationen/2017/317876/IW-Gutachten_2017_Energetische_Foerderung.pdf
https://www.kfw.de/PDF/Download-Center/Konzernthemen/Research/PDF-Dokumente-alle-Evaluationen/Monitoring-der-KfW-Programme-EBS-2017.pdf
https://www.kfw.de/PDF/Download-Center/Konzernthemen/Research/PDF-Dokumente-alle-Evaluationen/Monitoring-der-KfW-Programme-EBS-2017.pdf
https://www.kfw.de/PDF/Download-Center/Konzernthemen/Research/PDF-Dokumente-alle-Evaluationen/Monitoring-der-KfW-Programme-EBS-2017.pdf
https://www.kfw.de/PDF/Download-Center/Konzernthemen/Research/PDF-Dokumente-alle-Evaluationen/Monitoring-der-KfW-Programme-EBS-2017.pdf
https://www.kfw.de/PDF/Download-Center/Konzernthemen/Research/PDF-Dokumente-alle-Evaluationen/Monitoring-der-KfW-Programme-EBS-2017.pdf
https://www.kfw.de/PDF/Download-Center/Konzernthemen/Research/PDF-Dokumente-alle-Evaluationen/Monitoring-der-KfW-Programme-EBS-2017.pdf
https://www.bafa.de/DE/Energie/Heizen_mit_Erneuerbaren_Energien/heizen_mit_erneuerbaren_energien_node.html;jsessionid=EAA4476C1EBD21FBC7040BF8BE972452.1_cid362
https://www.bafa.de/DE/Energie/Heizen_mit_Erneuerbaren_Energien/heizen_mit_erneuerbaren_energien_node.html;jsessionid=EAA4476C1EBD21FBC7040BF8BE972452.1_cid362
https://www.bafa.de/DE/Energie/Heizen_mit_Erneuerbaren_Energien/heizen_mit_erneuerbaren_energien_node.html;jsessionid=EAA4476C1EBD21FBC7040BF8BE972452.1_cid362
https://link.springer.com/content/pdf/10.1007/s10273-016-1979-z.pdf
https://link.springer.com/content/pdf/10.1007/s10273-016-1979-z.pdf
https://www.gesetze-im-internet.de/estg/__35c.html
https://www.gesetze-im-internet.de/estg/__35c.html
https://doi.org/10.5755/j01.sace.16.3.16200
https://doi.org/10.1007/s12053-018-9739-0
https://doi.org/10.1007/s12053-018-9739-0
https://doi.org/10.1016/j.enbuild.2015.11.050
https://doi.org/10.1016/j.enbuild.2015.11.050
https://doi.org/10.1080/23744731.2015.1028867
http://hdl.handle.net/10419/174295
https://doi.org/10.1016/j.enbuild.2014.03.025
https://doi.org/10.1016/j.enbuild.2014.03.025
https://doi.org/10.1016/j.enbuild.2012.02.022
https://doi.org/10.1016/j.enbuild.2017.01.031
https://doi.org/10.1016/j.enbuild.2017.01.031
https://doi.org/10.1016/j.enbuild.2011.10.016
https://doi.org/10.1016/j.enbuild.2020.109945
https://doi.org/10.1016/j.enbuild.2014.07.001
https://doi.org/10.1016/j.enbuild.2014.07.001
https://doi.org/10.1016/j.buildenv.2017.01.020
https://doi.org/10.1016/j.buildenv.2017.01.020
https://doi.org/10.1016/j.apenergy.2016.12.161
https://doi.org/10.1016/j.apenergy.2016.12.161
https://www.bbsr.bund.de/BBSR/DE/Veroeffentlichungen/ministerien/BMVBS/Online/2012/DL_ON072012.pdf;jsessionid=71E2323DCD432802330804D93853755F.live11291?__blob=publicationFile&amp;v=2
https://www.bbsr.bund.de/BBSR/DE/Veroeffentlichungen/ministerien/BMVBS/Online/2012/DL_ON072012.pdf;jsessionid=71E2323DCD432802330804D93853755F.live11291?__blob=publicationFile&amp;v=2
https://www.bbsr.bund.de/BBSR/DE/Veroeffentlichungen/ministerien/BMVBS/Online/2012/DL_ON072012.pdf;jsessionid=71E2323DCD432802330804D93853755F.live11291?__blob=publicationFile&amp;v=2
https://www.bbsr.bund.de/BBSR/DE/Veroeffentlichungen/ministerien/BMVBS/Online/2012/DL_ON072012.pdf;jsessionid=71E2323DCD432802330804D93853755F.live11291?__blob=publicationFile&amp;v=2
https://www.iwu.de/fileadmin/publikationen/handlungslogiken/2015_IWU_Hinz_Kosten-energierelevanter-Bau-und-Anlagenteile-bei-der-energetischen-Modernisierung-von-Altbauten.pdf
https://www.iwu.de/fileadmin/publikationen/handlungslogiken/2015_IWU_Hinz_Kosten-energierelevanter-Bau-und-Anlagenteile-bei-der-energetischen-Modernisierung-von-Altbauten.pdf
https://www.iwu.de/fileadmin/publikationen/handlungslogiken/2015_IWU_Hinz_Kosten-energierelevanter-Bau-und-Anlagenteile-bei-der-energetischen-Modernisierung-von-Altbauten.pdf
https://www.gams.com/products/gams/gams-language/
https://doi.org/10.1016/j.scs.2015.11.002
http://refhub.elsevier.com/S0360-1323(21)01112-4/sref44
http://refhub.elsevier.com/S0360-1323(21)01112-4/sref44
http://refhub.elsevier.com/S0360-1323(21)01112-4/sref44
https://www.episcope.eu/fileadmin/tabula/public/docs/report/TABULA_CommonCalculationMethod.pdf
https://www.episcope.eu/fileadmin/tabula/public/docs/report/TABULA_CommonCalculationMethod.pdf
http://refhub.elsevier.com/S0360-1323(21)01112-4/sref46
http://refhub.elsevier.com/S0360-1323(21)01112-4/sref46
http://refhub.elsevier.com/S0360-1323(21)01112-4/sref46
http://refhub.elsevier.com/S0360-1323(21)01112-4/sref46
http://refhub.elsevier.com/S0360-1323(21)01112-4/sref47
http://refhub.elsevier.com/S0360-1323(21)01112-4/sref47
http://refhub.elsevier.com/S0360-1323(21)01112-4/sref47
http://refhub.elsevier.com/S0360-1323(21)01112-4/sref47
http://refhub.elsevier.com/S0360-1323(21)01112-4/sref48
http://refhub.elsevier.com/S0360-1323(21)01112-4/sref48
http://refhub.elsevier.com/S0360-1323(21)01112-4/sref48
http://refhub.elsevier.com/S0360-1323(21)01112-4/sref48
http://webtool.building-typology.eu/#bm
http://webtool.building-typology.eu/#bm
http://www.gesetze-im-internet.de/geg/


Building and Environment 211 (2022) 108722

15

p. 1789).) Online 28.07.2021: https://www.gesetze-im-internet.de/enev_2007 
/BJNR151900007.html. 

[52] Statistisches Bundesamt (Destatis) (2020). Preisindizes für die Bauwirtschaft. 
Fachserie 17, Reihe 4 02/2020. (May be translated as: Price indices for the 
construction industry.) Online 28.07.2021: https://www.destatis.de/DE/Themen/ 
Wirtschaft/Preise/Baupreise-Immobilienpreisindex/Publikationen/Downloads- 
Bau-und-Immobilienpreisindex/bauwirtschaft-preise-2170400203214.pdf; 
jsessionid=42B5FB00C084DCF86569A2D1976159C7.internet8731? 
__blob=publicationFile. 

[53] Sparkasse Koblenz (online: 2020), Modernisierungskredit (May be translated as: 
Retrofit credit). Online 1.2.2021, https://www.sparkasse-koblenz.de/de/home/pri 
vatkunden/kredite-und-finanzierungen/modernisierungskredit.html. 

[54] Mainzer Volksbank (online: 2020), Baufinanzierung (May be translated as: 
Construction loans). Online: 1.2.2021: https://www.mvb.de/privatkunden/bau 
finanzierung/immobilie-kaufen/baufi-10-jahre.html. 

[55] Sparkasse Heinsheim (online, Baufinanzierung (May be translated as: Construction 
loans). Online: 1.2.2021: https://www.kreissparkasse-heinsberg.de/de/home/pri 
vatkunden/kredite-und-finanzierungen/baufinanzierung/baufilead.html, 2020. 

[56] DIN V 18599-1:2018-09 (2018). Energetische Bewertung von Gebäuden - 
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zur Energieeffizienzstrategie Gebäude. IWU, ifeu, PROGNOS, Berlin, Heidelberg, 
Darmstadt, 131. (May be translated as: Paper on the energy efficiency strategy for 
buildings.) Online 28.07.2021: https://www.bmwi.de/Redaktion/DE/Downloads/ 
E/energieeffizienzstrategie-hintergrundinformation-gebaeude.pdf?__blob=publi 
cationFile&v=5n. 

[62] Bundesministerium für Wirtschaft und Energie (BMWi), Bundesministerium für 
Umwelt, Naturschutz, Bau und Reaktorsicherheit (BMU) (2020). Bundeskabinett 
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Eidesstattliche Versicherung 
gemäß § 13 Abs. 2 Ziff. 3 der Promotionsordnung des Karlsruher Instituts für Technologie für 
die KIT-Fakultät für Wirtschaftswissenschaften 

  

1. Bei der eingereichten Dissertation zu dem Thema CONCEPTS AND TOOLS TO IMPROVE THE 
THERMAL ENERGY PERFORMANCE OF BUILDINGS AND URBAN DISTRICTS - DIAGNOSIS, ASSES-
SMENT, IMPROVEMENT STRATEGIES, AND COST-BENEFIT ANALYSES handelt es sich um meine 
eigenständig erbrachte Leistung. 

2. Ich habe nur die angegebenen Quellen und Hilfsmittel benutzt und mich keiner unzulässigen 
Hilfe Dritter bedient. Insbesondere habe ich wörtlich oder sinngemäß aus anderen Werken 
übernommene Inhalte als solche kenntlich gemacht. 

3. Die Arbeit oder Teile davon habe ich bislang nicht an einer Hochschule des In- oder Auslands 
als Bestandteil einer Prüfungs- oder Qualifikationsleistung vorgelegt. 

4. Die Richtigkeit der vorstehenden Erklärungen bestätige ich. 

5. Die Bedeutung der eidesstattlichen Versicherung und die strafrechtlichen Folgen einer 
unrichtigen oder unvollständigen eidesstattlichen Versicherung sind mir bekannt. Ich versiche-
re an Eides statt, dass ich nach bestem Wissen die reine Wahrheit erklärt und nichts ver-
schwiegen habe. 

 

Belehrung:  

Die Universitäten in Baden-Württemberg verlangen eine Eidesstattliche Versicherung über die 
Eigenständigkeit der erbrachten wissenschaftlichen Leistungen, um sich glaubhaft zu versi-
chern, dass der Promovend die wissenschaftlichen Leistungen eigenständig erbracht hat.  

Weil der Gesetzgeber der Eidesstattlichen Versicherung eine besondere Bedeutung beimisst 
und sie erhebliche Folgen haben kann, hat der Gesetzgeber die Abgabe einer falschen eides-
stattlichen Versicherung unter Strafe gestellt. Bei vorsätzlicher (also wissentlicher) Abgabe 
einer falschen Erklärung droht eine Freiheitsstrafe bis zu drei Jahren oder eine Geldstrafe. 

Eine fahrlässige Abgabe (also Abgabe, obwohl Sie hätten erkennen müssen, dass die Erklärung 
nicht den Tatsachen entspricht) kann eine Freiheitsstrafe bis zu einem Jahr oder eine Geldstra-
fe nach sich ziehen. 

Die entsprechenden Strafvorschriften sind in § 156 StGB (falsche Versicherung an Eides Statt) 
und in § 161 StGB (fahrlässiger Falscheid, fahrlässige falsche Versicherung an Eides Statt) 
wiedergegeben.  



 
 

§ 156 StGB: Falsche Versicherung an Eides Statt: Wer vor einer zur Abnahme einer Versiche-
rung an Eides Statt zuständigen Behörde eine solche Versicherung falsch abgibt oder unter 
Berufung auf eine solche Versicherung falsch aussagt, wird mit Freiheitsstrafe bis zu drei Jah-
ren oder mit Geldstrafe bestraft. 

§ 161 StGB: Fahrlässiger Falscheid, fahrlässige falsche Versicherung an Eides Statt: Abs. 1: 
Wenn eine der in den § 154 bis 156 bezeichneten Handlungen aus Fahrlässigkeit begangen 
worden ist, so tritt Freiheitsstrafe bis zu einem Jahr oder Geldstrafe ein. Abs. 2: Straflosigkeit 
tritt ein, wenn der Täter die falsche Angabe rechtzeitig berichtigt. Die Vorschriften des § 158 
Abs. 2 und 3 gelten entsprechend. 
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