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Abstract—The building sector accounts for approximately 40%
of global energy consumption and CO2 emissions. Moreover,
many existing buildings are over 50 years old, resulting in
poor energy performance and an urgent need for retrofitting
to meet sustainability goals. This paper presents EFI-DSS (Energy
Efficiency Investments - Decision Support System), an advanced
platform designed to guide users in making cost-effective energy
efficiency investments for their buildings requiring minimal
information. At its core, EFI-DSS integrates a physics-informed
neural network to generate virtual Energy Performance Certificates
(EPCs) with minimal input through the user-friendly Graphical
User Interface (GUI), even in the absence of detailed energy data.
Additionally, the platform allows users to explore a wide range
of energy efficiency measures, viewing their costs and thermal
capacities while instantly seeing their impact on the building’s
EPC rating and total investment cost. An administrative interface
enables authorized users to update available measures—such as
modifying prices or adding new materials like upgraded doors or
windows—ensuring that end-users always have access to the most
relevant and up-to-date options. A real-world case study in Riga,
Latvia, demonstrates the tool’s effectiveness in supporting data-
driven decision-making. EFI-DSS offers residents and building
operators clear cost estimates for possible energy performance
upgrades, allowing them to make informed investment decisions
with confidence and removing financial risk during the first steps
of the procedure.

Index Terms—energy efficiency, retrofit, decarbonization, energy
performance prediction, energy audit, deep learning

I. MOTIVATION AND SIGNIFICANCE

Climate change already affects our lives and puts the Earth’s
ecosystem at risk [1]. At the same time, urbanization effects are
evident during the last decades, as more and more people move
to cities, resulting in more than 90% of human-caused carbon
emissions being generated in urban environments [2]. To address
this issue, the Paris Agreement was formulated to curb CO2

emissions and set average limits on the rate of of 2◦C global
temperature rise [3]. According to the International Renewable
Energy Agency (IRENA), achieving this target necessitates the
full decarbonization of the energy sector by 2050 [4]. This plan
aligns with European Union’s broader goal for a sustainable
energy future [5], as outlined in the European Green Deal [6]
and the Fit-for-55 package [7].

Fig. 1: High-level offerings of EFI-DSS

A significant amount of the global energy demand is attributed
to the buildings [8], [9], and more specifically the building sector
is responsible for approximately 40% of the world’s total energy
consumption [10]. Plenty of studies are trying to assist in the
endeavor of demand side management to reduce energy costs
and achieve the sustainability goals, through Demand Response
(DR) [11]–[14], flexibility assessment [15]–[17] and general
digitalized solutions [18]–[21]. More than 50% of the current
literature focuses on predicting the total energy consumption at
the building level, which reflects the overall performance of the
building [22]. However, there remains a gap in the data-driven
prediction of Energy Performance Certificates (EPC) and energy
class through the analysis of building envelope components,
which could offer a more specific and streamlined approach to
assessing energy efficiency investment planning in buildings.

In this study, we introduce EFI-DSS, a microservice-oriented
platform designed to assist users in selecting optimal energy
efficiency measures for building retrofitting. The high-level
offerings of the proposed platform can be seen in Figure
1. Unlike previous approaches [23]–[27], EFI-DSS classifies
a building’s EPC and by extension its energy class, based
solely on envelope characteristics and minimal user input. This
approach streamlines the decision-making process, making it
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Fig. 2: EFI-DSS architecture

more accessible and efficient for users. The proposed tool is
validated through a real-world use case utilizing data from
Riga, Latvia. However, thanks to its scalable and adaptable
architecture, EFI-DSS is not limited to this specific region
and can be seamlessly applied to various cities worldwide.
The methodology ensures that it can accommodate different
building typologies and regulatory frameworks, enhancing its
versatility in diverse urban environments. One of EFI-DSS’s key
advantages is its user-friendly design, requiring minimal input
while providing valuable insights. Users only need to provide
their building’s address, select from pre-allocated common
building types represented by images, and specify the primary
construction materials. Significantly reducing the information
burden on users, EFI-DSS enhances accessibility and encourages
broader adoption among homeowners and building operators.

The remainder of the paper is structured as follows. Section
II presents the developed software architecture, distinct compo-
nents and functionalities. Section III showcases an illustrative
example of the application based on a real-world case study
for the city of Riga, Latvia. Finally, concluding remarks and
directions for future work are presented in Section IV.

II. SOFTWARE DESCRIPTION

In this section the proposed architecture and component
interaction is described. EFI-DSS is a user-friendly, AI-based
decision support system designed for financial support in
retrofitting and energy performance prediction. It facilitates
physics-informed deep learning models for EPC prediction.
EFI-DSS has been developed using various programming tools

in Python and JavaScript alongside Docker [28] for efficient
building, sharing, and deployment of the application.

A. Software architecture

A visual representation of the software architecture and
microservice-driven design of EFI-DSS is shown in Figure 2. It
is structured into multiple layers, each utilizing state-of-the-art
programming frameworks, as outlined below.

• Database: The database was designed to host the datasets
for the tools demonstration. PostgreSQL [29] is the chosen
database due to its powerful open-source relational database
system that provides robust data storage, retrieval, and
manipulation capabilities. Additionally, the PostGIS [30]
extension is employed to support advanced geographic
information system (GIS) functionalities. PostGIS enables
storage, manipulation, and spatial analysis of data, includ-
ing geometric objects such as points, lines, polygons, and
buildings. It provides a rich set of functions for spatial
queries, including distance measurements, area calculations,
overlay operations, and coordinate system transformations.
These capabilities are essential for handling city-based
GIS datasets, which contain MultiPolygon representations
of buildings. The centroid of each building geometry
is computed by transforming the geometry type to the
appropriate European Petroleum Survey Group (ESPG)
code, corresponding to the case, using a built-in PostGIS
function.

• Backend: The back-end of the application was built using
PyTorch Lightning [31] and scikit-learn [32] for machine
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Fig. 3: User flow and capabilities

learning tasks, while FastAPI [33] was utilized for API
development and SQLAlchemy [34] for interacting with the
dedicated application database. FastAPI is responsible for
enabling high-performance, asynchronous API interactions,
ensuring efficient communication between the front-end
and back-end about necessary information and compu-
tational capabilities. SQLAlchemy, on the other hand,
handles the communication with the database, providing
an ORM (Object-Relational Mapping) layer that simplifies
database operations and ensures data integrity.

• Physics-informed Neural Network: A novel physics-
informed neural network for addressing the prediction
of building energy performance and EPC in the residential
sector based on the heat losses of the individual envelope
components, has been proposed in a previous study [35].
The proposed model predicts building energy performance
by integrating general building data, audited characteristics,
and heating energy consumption. It estimates structural
components and thermal properties essential for EPCs.
Additionally, a physics-based function calculates energy
consumption based on heat losses, refining the model’s
predictions and improving accuracy. Following that, the
energy class of the building is estimated based on the
status quo.

• Graphical User Interface: The GUI serves as the front-
end environment of EFI-DSS and is built using React,
an open-source and widely adopted JavaScript library.

React [36] is known for its versatility, efficiency, and
extensive documentation, making it an ideal choice for
developing user interfaces. One of its key strengths is its
component-based architecture, which allows developers to
create reusable and modular UI components. This approach
enhances rendering speed and optimizes overall application
performance. Additionally, React boasts a robust ecosystem
of libraries and tools that support scalability and main-
tainability. The framework also benefits from an active
developer community that continuously provides support,
updates, and contributions, ensuring long-term stability
and innovation. Furthermore, the application is properly
configured to support two languages: English and Latvian,
with the possibility to scale up into more. On the header
of the application, there is a drop-down menu that allows
the user to change the language of the whole page. The
application, then, stores the user’s preference and retains
this language until further notice.

• Security, Access & Identity management: A full inte-
gration has been performed with Keycloak [37], which is
an open-source identity and access management solution.
Specifically, non-authenticated users cannot access any
page of the dashboard, while the admin page is only
accessible, as already described, to users with admin
privileges. This integration has been performed by react-
keycloak/web [38] that connects a React project with a
Keycloak instance. In order to use the library, a client for
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(a) EFI-DSS Sign In page (b) EFI-DSS Homepage

Fig. 4: EFI-DSS interface showing the Sign In page (left) and Homepage (right).

this specific dashboard needed to be created in the Keycloak
instance, containing all the needed information about the
link of the dashboard’s deployment to be connected. With
these libraries, authentication in the front-end side of the
application becomes a seamless process, as they provide
access to stored tokens and relevant user information upon
login. The implementation follows a strict access control
policy, ensuring that non-authenticated users cannot access
any part of the dashboard. Additionally, a role-based access
control (RBAC) system is enforced, allowing only users
with specific assigned roles to access designated pages
within the dashboard, which are going to be described in
paragraph II-B.

B. Software functionalities

From an end-user perspective, the process is streamlined and
intuitive, as outlined in 3. When the user initiates the process, a
new virtual energy performance certificate is generated, offering
a detailed overview of the energy performance improvements
resulting from a selected set of actions, along with the associated
investment costs. The service is primarily data-driven, requiring
only minimal input from the user, such as the building’s address
and type. Leveraging the physics-informed neural network, the
system then automatically estimates the EPC’s properties. This
approach ensures that users can easily visualize the potential
energy savings and costs, all driven by a seamless flow of
automated, data-backed insights. The functionality is designed
to be simple yet powerful, empowering users to make informed
decisions without the need for in-depth technical knowledge.
Additionally, the Admin user has the flexibility to reallocate
energy efficiency measures at any time, allowing them to add
multiple items to the database based on the current market
options. This feature ensures that the system remains up-to-date
with the latest available energy-saving solutions, providing users

with the most relevant and current materials for improving their
building’s energy performance.

III. ILLUSTRATIVE EXAMPLES

This interface allows users to generate a Virtual EPC for their
buildings, offering details about the energy class and total energy
consumption, as well as insightful graphical representations,
showcasing the city’s average energy consumption and key
factors contributing to heat losses in the specified building. The
users are then presented with an extensive catalog of energy
efficiency measures divided in five categories, namely doors,
windows, walls, basement/slab and roof/attic. The platform
then performs calculations and presents an updated EPC that
would be issued if these measures were implemented within the
building, alongside the corresponding cost. Admin users have
the permission to edit the base cost of the energy efficiency
measures, allowing the platform to be constantly up-to-date
based on the current market prices. A more detailed description
of the interface’s separate pages will be presented in this section.

A. Sign-In & Home page

This front-end application is fully integrated with the project’s
Security Framework, which is based on Keycloak (for detailed
information, see II-A). When users attempt to access the
platform without being logged in, they are automatically
redirected to the common sign-in page, as shown in Fig. 4a,
created for the needs of the project. Once signed in, users are
directed to the Homepage, which presents the main capabilities
of the dashboard through head and subtitles, as illustrated in
Fig. 4b.

B. Plan investment page

This page (Fig. 5a) is the page where the basic user flow
begins in this dashboard. The end-user needs to input the
building’s address, showcasing the options in a drop-down

Authorized licensed use limited to: National Technical University of Athens (NTUA). Downloaded on September 17,2025 at 15:33:17 UTC from IEEE Xplore.  Restrictions apply. 



(a) EFI-DSS Plan Investment page (b) EFI-DSS Virtual EPC & Innovation Measures page

(c) EFI-DSS Admin page (d) EFI-DSS Energy Measures Addition page

Fig. 5: EFI-DSS interface showing (a) Plan Investment, (b) Virtual EPC & Innovation Measures, (c) Admin, and (d) Energy
Measures Addition pages.

menu, as well as choose a resembling image of the selected
building, between a set of indicative pictures. Both the addresses
and the images are loaded from the back-end side of the
application since the related data provided have been analyzed
and integrated into the database. After choosing the address, a
map appears at the bottom of the page, depicting the exact
location of the chosen building, as well as a non-editable
text field which displays the building’s total area. In the field
building materials, the user must choose whether the building
was made with heavy or light materials, a feature essential for
the calculations in the following stages of the application. With
this information filled in, the user can proceed to the next page,

by pressing the virtual EPC button.

C. Virtual EPC & Innovation Measures page

The page (Fig. 5b) is divided into two main sections. The
first displays the calculated Virtual EPC data for the user’s
building, including the energy class (shown as a visual) and
total energy consumption in MWh/year. It also features two
plots: the left compares the building’s energy use to others in
the district heating database, and the right shows the share of
heat losses by envelope component.

The second section lists several energy efficiency investment
measures with their associated costs. Users can select any
number of measures, and the total cost updates dynamically.
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Upon clicking the calculate button, a pop-up appears showing
the projected energy class and total energy consumption if the
selected measures are implemented. Users can then choose to
return and modify selections, or go back to the starting page.

D. Admin page

The Admin Page is accessible exclusively to users with
administrative privileges. It provides full control over all energy
efficiency measures, allowing authorized users to add, delete, or
update any existing measure, as illustrated in Fig. 5c. In addition
to managing energy efficiency measures, administrators can
oversee and modify various configurations, ensuring the platform
remains up to date and aligned with project requirements.

E. Energy measures addition page

This page (Fig. 5d) is also accessible by users with admin
privileges and the users can navigate to it through the “Admin
page”. Here, the admins can add new energy efficiency measures
by filling a form that contains the following fields: “Code”,
“Unit”, “Lambda”, “Total cost” and “Description”. All the
aforementioned fields are required. Upon successful submission,
a notification appears in the bottom left of the screen, letting
the user know that the measure has been saved and the newly
added measure is available for editing in the "Admin Page".

IV. CONCLUSIONS & FUTURE WORK

In this study, we introduced EFI-DSS, a microservice-oriented
platform designed to assist users in selecting optimal energy
efficiency measures for building retrofitting. The software ar-
chitecture, including its various components and functionalities,
is examined, along with detailed illustrative examples of the
GUI. It leverages a novel physics-informed neural network
for predicting the virtual EPC and focuses solely on building
envelope characteristics, EFI-DSS simplifies EPC classification,
making energy efficiency assessments more accessible. The
validation using data from Riga, Latvia, demonstrated its
applicability, but its effectiveness is limited by data availability
across different regions. Variations in regulatory frameworks,
data collection practices, and building typologies impact gener-
alizability, making it essential to adapt the system to different
urban environments.

Future work should focus on expanding data sources, such
as incorporating alternative datasets from satellite imagery and
scanning, and publicly available urban records, to supplement
missing building envelope information. Additionally, enhancing
the adaptability of the platform to regional variations by refining
and retraining of the core model will improve its accuracy and
relevance. Developing user feedback mechanisms will further
refine EFI-DSS’s predictive capabilities, ensuring continuous
learning and improvement. Collaboration with policymakers
is also crucial to standardizing data collection and sharing
practices, fostering a more robust foundation for energy effi-
ciency assessments. Nonetheless, one limitation of the platform
is that it may face challenges in extensive validation across

diverse cities with varying climatic conditions and regulatory
landscapes, as some cities may not have the necessary data
available for effective analysis. This data gap could hinder the
platform’s ability to perform comprehensive assessments and
refine its scalability in regions where information is sparse or
inconsistent. Addressing these challenges will improve EFI-
DSS’s accuracy and applicability, ensuring its role in promoting
energy efficiency and sustainability on a global scale.
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