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Executive Summary

The scope of this report is to provide a structured overview and technical description of the
data-driven models developed within Work Package 4 (WP4) of the ENTRANCE project,
focusing on building performance and occupancy estimation models for enhancing energy
flexibility and smart-grid readiness. The report presents the modelling methodologies, required
data, assumptions, validation approaches, and key findings related to the developed models.
The modelling activities support the development of predictive, adaptive, and flexible control
strategies for smart-grid-ready buildings. Three main modelling approaches are addressed in
the report: physics-based simulation models for evaluating building performance and flexibility
scenarios, parametric data-driven models for predictive control and optimization, and
occupancy estimation models for supporting intelligent and occupancy-aware building
operation. The report further highlights the role of the developed models in supporting demand
response, building-to-grid interaction, operational flexibility, and smart building control. The
outcomes of this report provide a foundation for subsequent WP4 activities related to advanced

control, optimization, occupancy-aware operation, and flexibility services within the
ENTRANCE project.

This deliverable presents the modelling activities carried out within Tasks 4.1 and 4.2 up to the
submission date of the deliverable. As both tasks continue beyond this deliverable, the work
presented here represents the current stage of model development. Further activities, including
model refinement, calibration and validation, and the development of additional modelling
functionalities, will be carried out during the remaining duration of the tasks and reported in
subsequent WP4 deliverables.

This project is funded by the European Union under grant agreement no. 101192930
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* of the European Union or European Climate, Infrastructure and Environment Executive Agency (CINEA).
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1 Introduction

Buildings represent a major opportunity for improving energy efficiency and providing flexibility
to support the transition towards decarbonized and smart energy systems. They account for a
significant share of energy use and greenhouse gas emissions, while also offering substantial
potential for demand-side flexibility and interaction with energy networks [1] [2]. However, this
potential remains largely underutilized due to limitations in current building energy
management approaches, which are typically based on predefined control strategies or rules
and lack predictive and adaptive capabilities. As a result, buildings are not yet fully integrated
into the energy system. Recent advancements in digital technologies, including data analytics,
Internet of Things, and advanced control methods, enable a transition towards more intelligent
and responsive buildings. These technologies allow buildings to optimize their performance,
improve energy efficiency, and contribute to grid stability and flexibility, in line with ongoing
European initiatives on smart-grid-ready buildings and energy system integration [3]. Within this
context, the ENTRANCE project aims to enable smart-grid-ready and decarbonized buildings
by integrating energy efficiency, flexibility, on-site renewable energy sources, and advanced
digital solutions, while ensuring occupant comfort and supporting active participation in the
energy system.

Within the ENTRANCE project, Work Package 4 (WP4) focuses on the development of digital
solutions to enhance building performance, energy flexibility, and smart-grid readiness. The
main objective of WP4 is to develop and implement advanced data-driven control strategies
and optimization algorithms that improve energy efficiency, flexibility, and indoor
environmental quality. This includes enabling building interaction with energy infrastructure and
markets through predictive control, multi-objective optimization, and interoperability with
building systems and external signals such as weather forecasts and dynamic energy prices.
WP4 builds upon inputs from other work packages, particularly key performance indicators
developed in WP2, and contributes to the implementation and demonstration activities in pilot
buildings in WP5. Likewise, WP4 closely collaborates with WP3 throughout the project, as the
aim is to develop digital solutions utilizing and complementing the technical solutions
developed in WP3. A schematic overview of tasks to be accomplished in WP4 and the
interactions between WP4 and other work packages is provided in Figure 1.

Data-driven modelling plays a central role in WP4, enabling the development of predictive,
adaptive, and flexible control strategies. The objective is to create models that accurately
represent building behavior and support optimization, control, and flexibility services.

Three main modelling activities are addressed:

* Physics-based simulation models are developed using building simulation tools
(e.g., IDA ICE) based on pilot data and synthetic building descriptions. These models
are used to simulate energy efficiency and flexibility measures, generate datasets for
KPI evaluation, and represent buildings as digital twins for testing control and
optimization strategies. In addition, the models are used to simulate fault scenarios,
supporting the development and validation of fault detection and prescriptive
maintenance methods (T4.4).
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» Parametric (data-driven) models are developed using system identification and
machine learning techniques based on simulation and real measurement data. These
models provide computationally efficient representations of building dynamics and
are used in control and optimization strategies, including predictive control.

» Occupancy estimation models are developed using data-driven approaches based
on sensor data and occupancy-related information. These models enable improved
estimation of occupancy patterns and support optimal control of building systems
such as HVAC systems, contributing to both energy efficiency and occupant
comfort.

Together, these modelling approaches support the development of advanced control strategies
that integrate building performance, user behavior, and external energy signals to enhance
flexibility and smart-grid readiness.

T23 T4.1
Demo/Synthetic Buildings Modelling

T4.3
Control and Optimization

T4.2
Occupancy Detection

T35 WP5
Physical Interfaces Pilot Demonstration

133
Implementation of

Integrated Solutions

1202
ENTRANCE KPIs

Prescriptive Maintenance

|

T4.5
User-Centric Interface

Figure 1: WP4 structure

1.1 Aim of this report

The aim of this report is to provide a structured overview and technical description of the data-
driven models developed within WP4, focusing on building performance and occupancy
estimation. The report presents the modelling approaches, underlying methodologies, required
data, and key outcomes, with the objective of supporting the development of control strategies
and flexibility services for smart-grid-ready buildings.

1



2 Pilot buildings

The ENTRANCE pilot buildings are located across six European countries and represent a
diverse set of building typologies, operational characteristics, and energy systems. The pilot
cases include educational buildings, office buildings, public administration buildings, mixed-use
buildings, and research facilities, providing a broad basis for evaluating smart-grid-ready
solutions under different climatic, operational, and occupancy conditions.

The pilot buildings include:

e Denmark: two nursery and kindergarten buildings, two office buildings, one public
school building, and one public administration building.

e Norway: a multipurpose building comprising apartments, restaurants, shops, offices,
and parking areas.

o Sweden: two connected office buildings including offices, restaurants (no on-site
cooking), storage spaces, and an underground parking area.

e Estonia: a university educational campus building.

e Italy: an energy center including offices and laboratories for academic and private
companies.

e Poland: a university educational campus building.

The primary energy asset investigated across the pilot buildings is the heating system, mainly
based on district heating and/or heat pumps. In some pilots, cooling systems, including district
cooling and chillers, are also considered. In addition, some pilot buildings include integrated
energy technologies such as photovoltaic (PV) systems, electric vehicle (EV), and thermal energy
storage systems.

The level of available information and measurements varies between the pilot buildings. While
some pilots provide detailed monitoring data and extensive measurements from building
management systems and energy meters, others currently have more limited datasets. This
diversity reflects realistic conditions for developing and validating data-driven models for
building performance, occupancy estimation, and energy flexibility applications. In the
following text brief description of each pilot and relevant data for simulation is given.

Denmark

The Danish pilot consists of six buildings distributed across Denmark, including locations in the
capital area, the southern region, and central Denmark. All buildings are connected to district
heating systems and represent different building types and uses, providing a heterogeneous
dataset for testing and validation of predictive heat optimization methods. The available data
from these sites is limited, typically consisting of only a small number of measured signals from
the heating systems and indoor climate conditions. Detailed building layouts, system
schematics, and operational configurations are generally not available to the project partner
ReMoni, which is sufficient for their application, as their predictive control approach relies
primarily on sparse sensor data from one or several heating circuits rather than full knowledge
of building topology.
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Among the six Danish pilots, the ReMoni headquarters in Skanderborg serves as the primary
demonstrator site. This building is an office and small warehouse facility constructed in 1979 and
currently accommodates more than 35 employees. Unlike the other piloft sites, the HQ building
has a fully documented layout and allows external control signals to interact with the heating
system, in addition to the possibility of installing additional measurement equipment during the
project. This makes it suitable as the main experimental and validation platform for advanced
control strategies.

The ReMoni headquarters is 904 square meters in total. It is heated by a single district heating
string with a heat exchanger. Radiators in all rooms, no floor heating. Heat control is performed
by a Danfoss ECL control unit. There are two different possibilities to control the heat in the
building. Either, by controlling the Danfos unit by setting it into “Frost protection" mode, where
heat is off but not allowed to freeze. Or by turning off the circulation pump through a ReMoni
control device. Both can be executed through ReMoni's cloud.

The remaining five pilot buildings are used primarily for model generalization and robustness
testing, supporting evaluation of how well the predictive models perform across different
building types and data scarcity scenarios.

Norway

Wesselkvartalet is a next generation award-winning multipurpose building location in Asker
Norway. It is Norway’s most innovative energy center supplying not only Wesselkvartalet,
but the entire center of Asker with renewable energy. It is a Mediterranean-inspired
architecture with 52 high-quality apartments on 2-7 floors with unique curved shapes.
Sympathetic densification with 5 restaurants, 4 shops on the ground floor, and 2000 m?
offices on the second floor. The center of the block has a green, intimate space and 250
parking spaces with underground charging. At the heart of the system is a combination of
two industrial-scale heat pumps utilizing environmentally friendly refrigerants CO,and NH 3
with total capacity of 4 MW and coefficient of performance (COP) values ranging from 3.50
to 5.50. These heat pumps extract energy from a network of 20 open geothermal wells
drilled 250-400 meters deep into the bedrock beneath the site’s underground parking
structure. A unique feature of Wesselk Energy is its large-scale thermal energy storage
system embedded in fractured rock beneath the site. This storage facility, consisting of 95
boreholes each 20 meters deep, provides an estimated storage volume of 70,000 m?* and a
capacity of roughly .00 GWh. The system can store thermal energy at up to 38 °C, enabling
the facility to balance seasonal variations in heating and cooling demand. During summer,
solar energy absorbed by the street heating loop covering approximately 25,000 m? is
stored underground and retrieved in winter when heating demand peaks. This seasonal
storage mechanism is one of the largest of its kind in Norway and is central to the project’s
energy optimization strategy. The system meets the highest European Union (EU)’s energy
performance classification (class A) and contributes to BREEAM-Excellent certification
standards for surrounding developments.
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Sweden

The Swedish pilot is an office building located in the Gullbergsvass district of Gothenburg. More
precisely, the building consists of two interconnected structures, originally built 1988 and
refurbished between 2028 and 2020. It has six floors, including one basement level with
parking spaces, and a total heated floor area of approximately 16,200 m2. The top floor was
added during the refurbishment, which also included improvements to the building envelope of
the existing floors. The floor area is predominantly used for office spaces (93%), while the
remaining areas comprise storage, a salad bar, and a bowl bar, and other functions.

Heating is mainly supplied by district heating, and cooling by district cooling. The building is
equipped with a hydronic heating distribution system with radiators and heating coils in air
handling units (AHUs). Cooling is distributed through a hydronic system with chilled beams and
cooling coils in AHUs. The salad bar is heated and cooled by a separate DX split system.

The building is ventilated with a combination of constant air volume (CAV) and variable air
volume (VAV) mechanical ventilation systems with heat recovery. The building has two atria,
through which most of the extract air passes before reaching the AHUs. In most spaces with
VAV, the supply airflow is controlled by room temperature. CO,-controlled ventilation is only
applied in atriums. In total, the building is equipped with four AHUs, as well as two recirculation
air units serving the atria.

The building has a rooftop solar PV system with a total capacity of 99.5 kWp. Some of the
parking spaces in the underground garage are equipped with electric vehicle (EV) chargers.

Estonia

The Estonian pilot is the Tallinn University of Technology (TalTech) campus in Mustamée, Tallinn
(Ehitajate tee 5, 59.394° N, 24.671° E). The campus comprises roughly 30 buildings of mixed
educational use — lecture and teaching buildings, offices, research laboratories, a library,
student housing and sports facilities — with a combined heated area on the order of 160,000
mZ2. Heat is supplied from the district heating network through substations feeding hydronic
radiator systems, ventilation supply air heating coils, domestic hot water and some building
specific systems. Space cooling is provided by central chillers with free-cooling capability and
distributed via fan-coil units, chilled beams, radiant panels and/or by cooled supply air to the
zones. Ventilation is provided by mechanical supply-exhaust air-handling units with heat
recovery, with demand-controlled ventilation applied in parts of the campus. On-site electricity
is generated by five roof-mounted, grid-connected photovoltaic systems with a combined
panel and inverter capacity of 400 kWp and 338 kWp respectively; no significant thermal or
electrical storage is currently installed. Demand-side flexibility is therefore concentrated in the
HVAC systems, with limited EV charging also present. The study building UOéa district heating
sub-station has an accumulation tank with electric heaters that are controlled according to the
electricity spot price. The majority of building service systems’ control and monitoring is
managed by the same building automation system. The campus is operated as a living-lab
environment for smart-grid-ready and flexibility solutions, and TalTech aims to become climate-
neutral by 2035.
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Within ENTRANCE, modelling activities focus on representative campus buildings for which
detailed models and instrumentation are available. Two buildings serve as the main references:
the School of Business and Governance building (SOC), an educational building completed in
2009 with about 10,360 m? of heated area over five floors and the most complete operational
data, including an existing IDA ICE model; and the Civil Engineering building (CON, “Ehituse
Maemaja”, Maepealse 3), a research and teaching building of about 3,411 m? over three floors
that was originally built in 1986 and reconstructed in 2021 to a nearly zero-energy (energy class
A standard with a cross-laminated-timber structure, with detailed BIM/IFC documentation and
building-automation design data reused from the SmartLivingEPC project.

Italy

The lItalian pilot site is the Energy Center of the Politecnico di Torino, located in Turin, ltaly. The
Energy Center is a non-residential office and research building completed in 2017, with a gross
volume of approximately 300,000 m?and a net usable floor area of about 5,441 m?, distributed
over five levels, including one underground floor and a mezzanine floor. Part of the
underground level is allocated to a car park equipped with two electric vehicle charging stations,
while the remaining area is occupied by laboratories and technical rooms hosting the heating
and cooling systems, two Air Handling Units (AHUs), an Uninterruptible Power Supply (UPS)
system for electrical continuity, and an emergency diesel generator.

The ground floor is characterized by a large central hall extending vertically across three levels
and hosting the reception area, a 150-seat auditorium, and research laboratory. The mezzanine
floor accommodates the control room, while from the first to the third floor, the building hosts
offices and meeting rooms occupied by researchers from the Politecnico di Torino and private
companies mainly operating in the energy sector.

The building envelope is characterized by high-performance opaque and transparent
components. The opaque external envelope mainly consists of concrete block walls with
external insulation, characterized by a thermal transmittance of approximately 0.28 W/m?K.
The transparent envelope mainly consists of high-performance double-glazed facade with a
window U-factor of approximately 1.17 W/m2K and solar heat gain coefficient (SHGC) of 0.34
for the main facade modules, while the glazed roof coverage above the central hall presents a
U-factor of about 1.88 W/m?K and SHGC of 0.59. Solar control strategies are integrated using
shading devices and facade design solutions. In addition, a photovoltaic (PV) system is partially
integrated into the glazed surfaces of the central hall.

The Energy Center building is designed as a multi-energy system. Space heating is provided
through the connection to the district heating network, while during summer a geothermal
polyvalent heat pump satisfies cooling needs. Two on-field renewable sources are also present:
a 47 kWp photovoltaic (PV) system and a 30 m? solar thermal plant. No domestic hot water
(DHW) production is present, as the building is supplied only with cold water.

Poland

The Polish pilot site is an office building called CEN-TECH located in campus of Lublin
University of Technology, Poland. The building has 5 floors, where classrooms and offices are
located. A total heated area is of about 17200 m? and gross volume of approximately 16000
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m3. The heat demand of this building is related to space heating (88.9 kW), ventilation (43.8
kW), and domestic hot water (49.6 kW). The ventilation system in this building is 8 mechanical
ventilation system with heat recovery. The heating system in this building is a hydronic system
with convective radiators with TRVs. DHW is centrally produced and is assisted by a circulation
system to maintain DHW temperature between 55-60°C.

The heat source for this building is a thermal station supplied by DH network and is controlled
by forecast controller integrated with weather-based control. The integration of air-to-water
heat pump, thermal storage, and electricity storage is planned in the framework of ENTRANCE.
The building has monitoring systems for heat used for space heating. PV (32 panels, 9.76 kWp)
are on the roof, and their integration with electricity storage in the framework of ENTRANCE is
planned.

2.1 Available data from piloft sites

Denmark

The Danish pilot sites provide operational and indoor environmental data with a typical sampling
interval of 5 minutes. For the main pilot building, the available data are primarily obtained
through ReMoni’s ReCalc platform, which is a cloud-based tool for collecting, analyzing, and
visualizing sensor measurements. The system is controlled through ReMoni control hardware
together with Danfoss ECL controllers.

For the main pilot building, the currently available data include:
e Indoor air temperature measurements from a limited number of zones (approximately
five zones out of around 30 thermal zones).
e Supply and return water temperatures from the mixing loop connected to the district
heating network.
e Main electricity meter measurements.
e Main heating power meter measurements.
o Cold water supply temperature measurements, including both pipe surface temperature
and surrounding room air temperature measurements.
e CO, concentration measurements from a limited number of zones, installed during the
ENTRANCE project.
e Noise sensor measurements installed at the two main entrances during the project
period.
Similar types of data are available from the other Danish pilot buildings, except for the CO,
concentration measurements and noise sensor data installed specifically during the ENTRANCE
project in the main pilot building. CO, concentration and noise sensor data are available
through another cloud-based platform, IC-Meter. In some of these buildings, measurements
are additionally available through building management systems (BMS). Furthermore, several
pilot buildings include multiple heating mixing loops, for which individual supply and return
water temperature measurements are available.
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Norway

Data availability is based on interviews with consultants and owners, as well as project
documentation. The building is equipped with @ modern BEMS that monitors energy
consumption, indoor temperature, CO, concentration, airflow rates, and supply and return
temperatures of heating and cooling elements. A separate web-based portal monitors the
overall energy system, including heat pumps, thermal storage, street heating, and piping
networks, logging parameters such as mass flow rate, pressure difference, temperatures, and
energy use. Together, these systems provide comprehensive data from system level to room
level, enabling robust analysis and model calibration.

Sweden

Data for the Swedish pilot building were collected from several sources. Access was provided
to documentation, drawings, and control and monitoring systems.

Drawings and documents describing the building’s construction, geometry, and HVAC systems
include, among others:

o Construction, architectural and HVAC drawings, including:
o Floor plans
o Geometry details, such as dimensions of walls, windows and doors, as well as
room heights
o Construction details, such as material layer compositions for main
components of the building envelope
o Layouts and schematic drawings of the heating, cooling and ventilation
distribution systems, also showing design ventilation flow rates
e As-built documentation for the piping and ventilation systems
e Control strategies for heating, cooling and ventilation systems
e Energy performance certificate
e Atechnical report providing information on, for example, U-values and solar shading
devices

The building is equipped with a cloud-based building management system (BMS) by KeyLogic
for monitoring and control of the heating and cooling systems, as well as the air handling and
air circulation units. The system also monitors the use of district heating and cooling, as well as
the PV system, among other parameters. Data is available for the last six years, with a sampling
interval ranging from 3-15 minutes. Operational data available from the BMS include:

e Heating system
o District heating (DH) energy meter
o DH primary side: supply and return temperatures
o DH secondary side: supply temperature (radiators and AHU heating coils),
return temperature from radiators, opening percentage for main radiator
control valve, pump status
e Domestic hot water circulation system
o Supply temperature DHW circulation
o Pump status DHW circulation
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e Cooling system
o District cooling energy meter
DC primary and secondary side: supply and return temperatures

Supply, return temperatures for chilled beams
Dew point and absolute humidity

o O O O

Control valve opening percentages
o Pump status

e Air handling units
o Supply and extract air temperatures

o Outdoor air temperature
o Temperature after rotating heat exchanger

o Supply and extract air flows
o Supply air pressure
e Air circulation units for atriums
o Supply and return temperatures
o Damper opening percentages
o CO, concentration in atriums
e Solar PV system
o Power output
o Solar irradiation

In addition, the building is equipped with a room-level ventilation control system, LindInspect,
which control and monitors room temperatures, local air flows, and output signals for local
heating and cooling units.

Finally, the building owner also uses a cloud-based Software-as-a-Service (SaaS) Energy
Management System (EMS), EG Mestro, to track total electricity use for the building, electricity
generated by the PV system and exported to the grid, and cold-water usage. Data on electricity
use for electric vehicles is also available. Tenants have their own electricity contracts, and their
energy use is not monitored in Mestro.

Estonia

Operational data for the Estonian pilot are collected through the campus-wide building
management system (BMS), based on Schneider Electric EcoStruxure Building Operation
(EBO), into which numerous local automation servers are integrated for central monitoring and
control. External access is possible in principle via EcoStruxure SmartConnector or exposed
APls. A large share of the resulting energy data has been collected via a dedicated cloud
platform Measureway. The energy data has been curated and openly published as the TalTech
campus dataset (TalTechData, 2022-2025; CSV [4]), which provides a precise, documented
basis for data-driven modelling:

e Heat data — 166 measurement points across 18 buildings (including SOC), covering
main heat meters, space heating, ventilation heating, air heating, outdoor heating,
domestic water, and waste-heat circuits. Measured variables: energy (MWh), supply and
return temperatures (°C), flow and volume (m3/h, m3), and instantaneous power (kW).
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e Electricity data — 633 measurement points across 22 buildings, covering main meters
(with T1/T2 tariff registers), ventilation, cooling, lighting, technical systems, laboratories,
tenants, UPS, servers, and PV production. Measured variables: active /reactive /apparent
energy and power (kWh, kW, kVA, kVArh), phase voltage (V), and current (A).

e Time resolution is heterogeneous and point-dependent, ranging from sub-minute and
1-15-minute operational logging up to hourly and daily meter readings; the dataset spans
1January 2022 — 31 December 2025, with coverage expanding each year and available
in case of necessity.

Local weather and solar data are available from the TalTech campus weather station (U06) —
global, direct and diffuse solar irradiance, air temperature, relative humidity, wind, and
atmospheric pressure — published as an open dataset (CC-BY, [5]) and accessible in near-real
time via the TalTech meteo portal [6]. Indoor environmental quality parameters (air temperature,
CO, concentration, and relative humidity) are available from the BMS for instrumented zones,
typically logged on a change-of-value basis. Multi-year historical data are available for key
buildings such as SOC. No direct quantitative occupancy data are collected; occupancy is
inferred from CO, and PIR sensors in selected zones, complemented by room booking/usage
schedules.

Italy

Data has been read from IT1’s BMS and saved to a Timescale database since December 2023.
The database can be exported as a CSV or a SQL dump. The time resolution is 15 min. Data is
organized as follows.

e Room conditions:
o Temperature and relative humidity in each room and common area across the
three office floors, in both the NW and NE wings.
o Occupancy in three offices on the first floor of the NW wing. Occupancy is
assessed from either CO, concentration or presence detection.
e AHUs: Three AHUs serving offices in the NW wing, NE wing, and auditorium are
monitored. Monitored variables:
Supply and return air temperature on each floor
o Supply and return relative humidity on each floor
o Outdoor air temperature
o Saturation temperature at the humidifier stage
o Return air temperature setpoints on each floor
o Speed modulation of supply and return fans
o Modulation of pre-heating, cooling, and post-heating valves
o Electrical demand of the unit (fans and auxiliary components).

o Thermal energy supplied by Turin’s district heating network
o On/off states of pumps feeding the main heating HX
o Temperature setpoint of water supplied to radiant panels
o Temperature of water supplied to radiant panels
e Electricity:
o Electricity used by the heat pump, esp. during summer and mild seasons
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o Production of the rooftop PV system

Poland

At this stage, the Polish pilot sites provide operational data of the heating system with a
typical sampling interval of 10 minutes since 17.10.2025. For this pilot building, the available
data are obtained through forHEAT platform, which is a cloud-based tool for collecting,
analyzing, and visualizing sensor measurements and for control of heating system. Data (10-
minute resolution) is organized as follows:

e outdoor temperature,

e supply temperature of heating medium,
e refurn temperature of heating medium,
o flow of heating medium,

e heat power for heating,

e energy consumption for heating.

The weather data (outdoor temperature, wind speed, solar radiation) in 1h resolution are also
available. Besides this monthly, total heat consumption in pilot building is monitored since
begin of 2022.
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3 Modelling framework

Within WP4, models of varying complexity and fidelity are developed to represent building
energy performance, system operation, and occupancy patterns, tailored to the characteristics
of the pilot buildings, available data, computational constraints, and intended applications.
These models range from detailed physics-based simulation models to computationally
efficient data-driven approaches and occupancy estimation models. The modelling approaches
are selected and adapted to satisfy the specific needs and objectives of each pilot site and
application scenario. Furthermore, WP4 envisages an integrated simulation and/or
demonstration framework capable of connecting several pilot buildings across different
countries to demonstrate coordinated energy flexibility and smart-grid interaction scenarios.
Figure 2 illustrates the existing components and the conceptual hierarchical control and
modelling framework developed within WP4, where HS denotes the heating system, CS the
cooling system, EV electric vehicles, PV photovoltaic panels, and WT water tanks. The figure
also indicates the main demand, generation, and storage assets available at each pilot site. While
explicit thermal storage system is only available in Norwegian pilot with water tank and borehole
thermal storage, the thermal mass of the buildings can be considered as a thermal storage
resource in the remaining pilots and can be utilized in the flexibility analyses and simulations.
The framework consists of several control layers, including field-level regulation, supervisory
control at building level, and aggregator-level coordination.

Local electricity flex market & 7 )
— | Local utility company _." ||Baltic mFRR market

Existing flexibility market aggregator  Entrance virtual aggregator Existing flexibility market aggregator

Field level control

Denmark Sweden Norway Italy Estonia Poland
Demand: HS Demand: HVAC, Demand: HVAC, EV Demand: HVAC, CS Demand: HVAC, Demand: HVAC
Supply: None CS, EV Supply: None Supply: PV CS, EV Supply: PV
Storage: None Supply: PV Storage: Boreholes, WT Storage: None Supply: PV Storage: None

Storage: None Storage: None

Figure 2: Entrance hierarchical control framework

At the field level, local automation systems, sensors, actuators, and technical building systems
are responsible for real-time monitoring and regulation of building energy systems. At building
level, supervisory control and optimization strategies are implemented through local
automation platforms, cloud-based solutions, or BMS. These control layers may utilize data-
driven models, occupancy estimation algorithms, and predictive control strategies to improve
energy efficiency, occupant comfort, and operational flexibility. At aggregator level, WP4 aims
to demonstrate flexibility service scenarios through a so-called ENTRANCE virtual aggregator
coordinating multiple pilot buildings. Although such aggregation of geographically distributed
buildings across several European countries is not intended as a real operational
implementation, the virtual aggregation concept provides a valuable research and
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demonstration framework for investigating coordinated flexibility services and demand
response operation. The proposed framework further enables the evaluation of hierarchical
control strategies and interaction between local building operation and external energy market
or grid signals. The Estonian pilot site is already connected to an existing aggregator platform
and flexibility market infrastructure, where they have opportunities for testing real-time building-
to-grid interaction, flexibility activation, and supervisory control strategies under practical
operating conditions.

Within this framework, detailed physics-based simulation models can be used as digital twins for
testing and evaluating operational strategies before real implementation, while data-driven and
occupancy estimation models can support real-time predictive control, occupancy-aware
operation, and flexibility optimization at both building and aggregator levels.

3.1 Building simulation models

Detailed building simulation models are developed within WP4 to represent the thermal
behaviour of buildings and their technical systems under varying operational and environmental
conditions. These models are physics-based dynamic simulation models, often referred to as
white-box models, where the building behaviour is described using thermodynamic principles,
heat balance equations, and physical representations of building systems [7]. Such models are
typically implemented using dynamic building performance simulation tools, including
EnergyPlus, IDA ICE, TRNSYS, and ESP-r [8].

The models include representations of building geometry, thermal zones, construction
materials, windows, infiltration, occupancy schedules, lighting systems, internal heat gains,
ventilation systems, heating and cooling systems, and control strategies. Depending on the
characteristics of the pilot buildings and the investigated flexibility scenarios, the developed
models may further include representations of photovoltaic systems, thermal energy storage,
district heating and cooling systems, heat pumps, and electric vehicle charging-related loads.
The development of detailed simulation models typically requires a large number of input
parameters related to building properties, system characteristics, operational schedules,
weather data, and control settings.

Outputs from building simulation models include indoor environmental conditions, heating and
cooling loads, energy use, ventilation rates, thermal comfort indicators, system operation
variables, and flexibility-related performance indicators. Due to their detailed physical
representation, these models provide high modelling flexibility and are well-suited for scenario
analysis, sensitivity studies, and virtual testing of operational and control strategies. However,
detailed simulation models are generally computationally demanding and may require
simplification or reduced-order representations for real-time control and optimization
applications.

Within WP4, these models are primarily developed to evaluate building performance and
energy flexibility scenarios, generate datasets for KPI evaluation and data-driven model
development, support testing of predictive control and optimization strategies, investigate fault
scenarios for prescriptive maintenance applications, and serve as digital twin models for the
envisioned hierarchical control and flexibility framework illustrated in Figure 2.
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3.2 Data-driven building model

Data-driven building models are developed within WP4 to provide computationally efficient
representations of building dynamics suitable for predictive control, optimization, and flexibility -
oriented applications. In contrast to detailed physics-based simulation models, data-driven
models describe the relationship between system inputs and outputs primarily based on
measured or simulated data rather than detailed physical equations.

Depending on the modelling methodology and level of physical interpretation, these models
may be categorized as black-box, grey-box, or hybrid modelling approaches. Grey-box models
combine simplified physical descriptions with parameter estimation techniques, while black-box
models rely mainly on statistical or machine learning approaches without explicit physical
representation of the building systems. Common approaches in building energy modelling
include grey-box methods such as system identification techniques, resistance-capacitance
(RC) network models, and state-space representations, as well as black-box methods such as
regression-based approaches and neural network models (such as long short-term memory
(LSTM) networks), along with other machine learning techniques [9] [10].

The models are generally developed using measured operational data, simulation-generated
datasets, or a combination of both. Input variables may include outdoor climate conditions, solar
radiation, occupancy-related variables, internal heat gains, HVAC operational data, control
signals, and historical measurements of indoor conditions and energy use. The outputs typically
include predictions of indoor temperatures, heating and cooling demand, electricity use,
flexibility potential, or operational responses to external control signals.

Compared to detailed simulation models, data-driven models are computationally efficient and
therefore well-suited for real-time applications such as predictive control, optimization, fault
detection, and demand response operation. However, the prediction accuracy and
generalization capability of these models strongly depend on the quality, quantity, and
representativeness of the training data. Furthermore, purely data-driven approaches may have
limited interpretability compared to detailed physics-based models.

Within WP4, data-driven building models are developed using system identification and
machine learning techniques based on both simulation-generated and real monitoring data
from the pilot buildings. The developed models are primarily intended for predictive control and
optimization applications, including energy flexibility management, demand response
operation, and building-to-grid interaction within the hierarchical control framework illustrated
in Figure 2.

3.3 Occupancy estimation model

Within WP4, occupancy-related models are developed for both occupancy presence detection
and occupant count estimation to support smart building operation, predictive control, and
energy flexibility services. Depending on the available data and pilot-specific objectives, the
models provide either binary occupancy information indicating whether a space is occupied or
unoccupied or estimates of the number of occupants within a room, zone, or building.
Occupancy significantly influences building energy use, indoor environmental quality,
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ventilation demand, and the operational flexibility of building energy systems. Accurate
information about occupancy presence and occupant density enables building control systems
to adapt their operation according to actual building usage, thereby reducing unnecessary
energy use while maintaining occupant comfort. The outputs of occupancy estimation models
can be integrated into building management systems and advanced control algorithms to
support occupancy-aware HVAC operation, demand-controlled ventilation, adaptive setpoint
control, predictive control, and energy flexibility services. In addition, occupancy estimation can
support more accurate indoor environmental quality (IEQ) assessment by distinguishing
occupied and unoccupied periods, thereby enabling more representative evaluation of indoor
air quality, ventilation performance, and occupant comfort. Several studies have shown that
occupancy-aware control strategies can reduce energy use and improve the effectiveness of
demand response and flexibility services compared to conventional schedule-based operation,
while also improving the assessment and management of IEQ [11] [12].

Occupant presence and activities are influenced by human behaviour and are therefore
inherently uncertain and variable over time. Unlike building thermal behaviour, which can be
described using physical principles and energy balance equations, occupancy is typically
inferred from measurements and historical data using statistical, rule-based, or data-driven
approaches [13]. Depending on the available data and intended application, occupancy
estimation may be performed at room, zone, floor or building level. The development of
occupancy estimation models relies on occupancy-related data collected from building
systems and sensors. Common data sources include motion detectors, CO, sensors, indoor
environmental measurements, thermal cameras, noise sensors, smart meter data, Wi-Fi
connectivity information, and other indirect indicators of occupant activity from resource-use
patterns associated with occupant behaviour, such as domestic water consumption. In practice,
the selected data sources depend on sensor availability, privacy considerations, installation
costs, and the required estimation accuracy and temporal resolution.

Different modelling approaches can be employed, ranging from simple threshold-based and
rule-based methods to advanced machine learning techniques. Within WP4, occupancy
estimation models are developed using occupancy-related data collected from the pilot
buildings. Depending on the available measurements and pilot-specific objectives, both
machine-learning-based and rule-based approaches are investigated. The developed models
provide either binary occupancy detection or occupant count estimation and are intended to
support occupancy-aware control strategies, improve building operational performance, and
enhance flexibility provision within the hierarchical control framework illustrated in Figure 2.
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4 Model development across pilof sites

This section presents the modelling activities developed across the ENTRANCE pilot sites,
including physics-based simulation models, parametric data-driven models, and occupancy
estimation models. The type and level of model development vary among the pilot buildings
depending on their characteristics, project objectives, available measurements, and data
accessibility. Consequently, not all model types have been developed for every pilot site.
Furthermore, the modelling activities are currently at different stages of development and
validation, resulting in varying levels of model maturity and available results.

For each pilot site, this section summarizes the developed modelling approaches,
methodologies, input data, assumptions, validation methods, and intended applications for
building performance analysis, predictive control, occupancy estimation, and energy flexibility.

4.1 Building simulation models in pilot sites

Denmark

Table I: Information on Building Simulation Models — Denmark.

Tools / software used:

IDAICE 5.1

Objective /use case:

Support the development and testing of predictive and grid-responsive control strategies
before field demonstration, evaluate building-level and aggregated flexibility services, and
generate datasets for prescriptive maintenance applications. The developed building
simulation model serves as a digital twin of the Danish pilot for these investigations.

Geometric and physical representation:
The simulated building includes
e The model includes a total of 37 zones; The building has two floors. One floor

is entirely at ground level. The second floor is split: part of it is at ground level,
while the remaining part is located above the other floor:

e The thermal properties of the building envelope were not available from the
building documentation. Therefore, the construction assemblies and
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corresponding U-values were selected based on the construction period of the
building, which was built in 1979. Reference U-values representative of Danish
buildings from the same construction period were adopted from [14]. The
selected constructions in the IDA ICE model correspond to the reference values
that best match the reported thermal characteristics of buildings constructed
during that period:
External walls: 0.37 U-value [W/(mK]]
Roof: 0.172 U-value [W/mK)]
Slab towards ground: 2.9 U-value [W/[mZK]]
e Infiltration method: wind driven flow at 50Pa
e Information on windows:
Type: 2 panes glazing, clear, 4-12-4
U-value of glazing: 2.9 [W/mK|]

e At the current stage, a simplified representation of the heating plant based on
standard IDA ICE components has been implemented. The model consists of a
district heating source connected to a water-based radiator heating system
serving the thermal zones.

Boundary conditions (external signals):

Global data is based on location, BILLUND-AP_061040 (ASHRAE 2021) and climate,
DNK_BILLUND_061040(IW2)

Internal gains:

e Occupancy is assumed during weekdays from 08:00 to 17:00.

e Electrical equipment is scheduled to operate during weekdays from 08:00 to
17:00, with an assumed heat gain of 75 W per unit.

e Lighting is scheduled to operate during weekdays from 08:00 to 17:00, with a
rated power of 100 W per unit.

Limitations/simplifications /assumptions:

At the current stage, the model should be regarded as a preliminary building simulation
model, where the geometry is represented in detail, while the building envelope
properties, occupancy schedules, and system operation are described using simplified
assumptions. In addition, weather data from the nearest available source are used, as
detailed measurements at the exact building location are not available

Control logic:

Schedule-based operation of the district heating system and water-based radiator heating
controlled by local Pl controllers to maintain zone temperature setpoints (current stage)

Simulation resolution:

To be defined in the next development stage

Calibration with measurements (if any):

Not performed at the current stage of model development.
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Results and Key Findings:

At the current stage, a preliminary IDA ICE model has been developed based on the available
building information. Further refinement and calibration will be carried out as additional building
and operational data become available. The building geometry has been implemented in detail
based on the available drawings and building information, while the building envelope
properties, occupancy schedules, and system operation are represented using simplified
assumptions. Therefore, simulation results are considered preliminary and are not yet used for
quantitative performance assessment. The next step is model calibration and validation using
available measurements, including district heating energy delivered to the building, supply and
return water temperatures, and indoor air temperatures. Afterwards, the following scenarios will
be considered:

o Weather forecast-based predictive control, where the model will be used to investigate
pre-heating strategies that activate heating in advance based on predicted outdoor
weather conditions to improve comfort and reduce energy use.

o Grid-responsive control, where the calibrated model will serve as a virtual testbed for
evaluating the building flexibility potential and testing grid-interactive control strategies
before field implementation.

Norway
Table 2: Information on Building Simulation Models — Norway.

Tools / software used:

IDAICE 5.1

Objective /use case:

To have a calibrated IDA ICE model that accurately replicates the building heating and
cooling demands.

Geometric and physical representation:

e 4 underground floors, 7 floors, 30 thermal zones.

e Thermal envelope: Adopts TEK-17 U-values and system efficiencies, IDA ICE
model has an average U-value of 0.3263 W/[m2K).

e Infiltration: air leakage per hour at 50 Pa pressure difference of 0.6 ACH

e Information on windows and shading: U-value of window is 0.8 W/(m2K) and
the model has been given internal shading with sun control but no external
shading.

e Information on technical systems: There are three air handling units (AHUs) in
the model with 80% heat recovery and specific fan power of 0.6 and 1
KW/[m2/s). AHUs have been given with weather compensation curve-based
control of supply temperature. The model consists of heat pump with a simple
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ground source borehole loop with 3.5 as rated COP and hot storage tank of 1
m?.
Boundary conditions (external signals):

Weather data: Outside dry bulb temperature is extracted from BEMS and other weather
data like relative humidity, direction of wind, speed of wind, direct normal radiation and
diffuse radiation from a non-commercial open-source weather API.

Internal gains:

Internal gains/load densities and schedules were adapted from EN16798:1 and adjusted
for calibration.

Limitations/simplifications/assumptions:

The whole building was reduced to 30 thermal zones. All offices exhibit the same behavior,
all restaurants exhibit the same behavior, all apartments exhibit the same behavior. There
are no kitchens, no bathrooms. It is a tradeoff between complex building model and
computational time. However, this approach provides results on how the building will
behave with respect to outdoor conditions accurately.

Control logic:

e Proportional controller for floor heating.
e Variable air volume (VAV] with temperature and CO2 control for AHUs.
Simulation resolution:

Hourly simulation for year 2024 in case of Energy simulation and first two weeks of
December for heating load.

Calibration with measurements (if any):

Building simulation model in IDA-ICE was calibrated with coefficient of variation of the
root mean square error (CV(RMSE)), normalized mean bias error (NMBE), and coefficient
of determination (R?) of < 30 %, < 10%, and > 0.9, respectively.

Results and Key Findings:

Three typical floor heating rate design scenarios were evaluated, including 100% and 200%
design power, where 100% corresponds to 10 W/m?2. The flexibility factor (FF) and flexibility shift
(FS) were calculated using the mean power and mean energy price as threshold values.
Quantitative results and corresponding graphical analyses are presented in the following
figures.
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Figure 4: Norwegian pilot: Hourly heat rate comparison between calibrated size and oversized floor heating

The analysis showed that increasing the design power of floor heating decreases the heat
rate from air handling units (AHUs) and increases heat rate from floor heating. Increased floor
heating size supplies more heat during morning and evening and less heat during day.
However, total energy consumed was 10 kWh more for oversized FH. Increasing floor
heating size by increased design power means increasing the mass flow rate of heat carrying
fluid. Therefore, increasing the mass flow rate of the heat-carrying fluid increased the return
temperature from floor heating by 2 K. For the first 24 hours of December, the total heat rate

29




when floor heating was of 10 W/m? (calibrated size FH), FS was -0.0784 and FF was -0.3645
and for 20 W/m? (oversized FH), FS was -0.0355 and FF was -0.2973. This showed that
oversized FH used energy of lower or same energy price than calibrated size and reduced
peak power consumption. It is recommended to verify whether the design size of heating
elements, like floor heating, is utilizing thermal flexibility in the building and system. Next,
different scenarios were considered with different control strategies to improve the
performance of the FS and FF factors. The best results were obtained by using Pl controller
for floor heating of the restaurants and offices and a P controller for the apartments. The
schedule and control strategy of the best performing scenario is given in Table 3. Daily heat
rate with the proposed strategy is compared with the base case scenario. Results are
depicted in Figure 3. Calculation FF and FS with this model gives us: FF = —0.2646, FS =
0.1106 which are interpreted as good load shifting strategy.

Table 3: Norwegian pilot: controller set point strategies with P and Pl controller st different space types.

Restaurants Offices Apartments
Floor heating PI PI P
controller
Minimum 19°C [4-18], 21 | Sunday: 21°C [22- Weekend & Holidays:
temperature otherwise. 24],17 otherwise. 19°C [4-15,15-18], 21
setpoint Saturday: 17°C otherwise
Workdays: 19°C [4-
18], 21°C otherwise
Maximum Constant: 24°C Constant: 24°C Constant: 24°C
temperature
setpoint
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Sweden

Table 4: Information on Building Simulation Models — Sweden

Tools / software used:

IDAICE 5.1.1

Objective /use case:

To have a calibrated IDA ICE model that accurately represents the pilot building, enabling
simulation of:

e Peakload reduction potential for cooling and electricity, and subsequent reduction
of associated energy costs

e Load shifting potential for cooling demand response analysis

e Potential to reduce energy use for heating and cooling through optimized control
strategies, while maintaining an acceptable indoor climate

Geometric and physical representation:

e Six floors, including one underground level; 291 thermal zones
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e Thermal envelope (excl. windows): U-values calculated based on material layers
from construction drawings and additional assumptions based on site visits. U-
value for external walls, floor 6, from construction drawing.

o Roof: 0.088 W/(m)

Slab towards ground: 2.9 W/(m2K)

Basement wall towards ground: 2.9 W/(m2K)

External walls, floor 2-5: 0.21W/[m?2K)

External walls, floor 6: 0.3 W/(m2K)

o Thermal bridges: 20% of UA
e Windows: Values based on technical report.
o U-value with frame: 0.9 W/(m2K)

o O O

o g-value: 0.26
o g-value with shadings: 0.18
o LT-value: 0.6

e Total U-value: 0.42 W/[mK).

e |Infiltration: air leakage per hour at 50 Pa pressure difference: 0.8 |/s.m%e. surt.

e Information on technical systems: There are four air handling units (AHUs) in the
building. In the model, they are combined into two air handling units with 83%
heat recovery and specific fan power of 1.9 kW/(m?/s).

The cooling distribution system is modeled with beams and the heating distribution system
with water radiators.

Boundary conditions (external signals):

Weather data: Climate files for Gothenburg for two specific years, 2022 and 2025,
provided by Sveby and based on measurements by SMHI, including outside dry bulb
temperature, relative humidity, wind direction, wind speed, as well as direct normal and
diffuse solar radiation.

Internal gains:

e Occupants: Based on values specified in BFS 2017:6 BEN2, with adjustments
informed by dialogue with property owner representatives, observations from site
visits, and electricity use patterns (data available for one tenant).

e Lighting and equipment: Based on measured values for property electricity and
tenant electricity (based on data available for one tenant.

e Distribution system losses: Heat losses from pipes, including domestic hot water
circulation, and ducts, using “typical” default values.

Limitations/simplifications/assumptions:

The modelis divided into zones based on a number of rooms and space types, i.e., meeting
rooms, open office spaces, lounge, corridor, etc.

The distribution of internal loads is to a large extent based on assumptions. A notable
source of uncertainty also relates to the magnitude of internal loads, as occupancy levels
have varied over the years and no occupancy measurements are available.
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It is assumed that weather conditions correspond to the reference weather year for
Gothenburg. Although measured outdoor temperature data is available for the building,
its reliability is uncertain and it has therefore not been used.

An average setpoint temperature and P-band has been chosen for heating and cooling
instead of individual temperatures for each zone.

In reality, the building is supplied by four air handling units. The exhaust air is taken from
the two atriums, two units per atrium. The two units that share the same atrium have been
modeled as one unit to simplify the complexity of the model as their performance is
equivalent.

Thermal bridges were estimated.

Control logic:

e The beams and radiators have proportional controllers with P-band 0.7 °C.

e Setpoint heating 22 °C

e Setpoint cooling 22.9 °C

e The supply temperature for the heating varies depending on the outdoor
temperature. The supply temperature for the cooling is 8 °C to the air handling unit
and 15 °C to the beams.

e A combination of constant air volume (CAV) and Variable air volume (VAV) with
temperature control for AHUs. The supply temperature varies depending on the
outdoor temperature.

Simulation resolution:

Energy simulations were performed using six-minute time steps over a full year.

Calibration with measurements (if any):

The building simulation model was calibrated against measured energy use using
Coefficient of Variation of the Root-Mean-Square Error CV(RMSE), coefficient of
determination (R2), normalized mean bias error NMBE) and mean absolute error to mean
ratio [MAE/mean ratio) for heating and cooling, respectively. All metrics were calculated
on an hourly basis.

Target values:
CV(RMSE) < 30 %
R2>0.75

NMBE < +10 %
MAE/mean ratio < 20 %
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Results and Key Findings:

Calculated performance metrics for the simulation model:
CV(RMSE): Heating: 28.1%; Cooling: 33.7%

R2: Heating: 0.86; Cooling: 0.72

NMBE: Heating: — 0,4%; Cooling — 0,8%

MAE/mean ratio: Heating 20%; Cooling 22%

The calibration metrics for heating are based on the heating season (January—-March and
October-December|. For cooling, the metrics are calculated for the cooling period May—
September, considering only operational hours. Comparisons of measured and simulated
cooling and heating demand, converted to hourly values (kWh/h), are shown in the figures
below.
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Figure 9: Swedish pilot: hourly heating power demand - comparison between monitored and simulated data

The following simulation scenarios are currently under investigation for the Swedish pilot site:

e District cooling measurements show high cooling peaks in the mornings. Similar,
corresponding (but shorter), peaks are seen in the simulation results for the chilled
beam system. Hence, control strategies with a potential to lower the morning peak
will be evaluated, focusing on improved control for the chilled beams, e.g.:

o Earlier and slower opening of control valves in the morning.

o Not completely turning off the cooling during nighttime

e Control strategies and potential to decrease cooling peaks in the afternoon, e.g.:

o Temporarily increased temperature setpoints for coolant or rooms.

o Utilize thermal storage in the building by increased cooling during
night/morning.

e Cooling control strategies for real-time demand response (fast DR) in critical
situations, with the objective of alleviating the strain on the district cooling system by
reducing the cooling load of the building:

o Step 1: Simulating a reduced valve opening of the control valve on the primary
side.

o Step 2: Investigating options for control measures to reduce cooling demand
in the building after reduced valve opening, including increased temperature
setpoints for rooms and/or supply air, load prioritization depending on
building zone.
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Potential for increased self-use of solar PV generated electricity through the

integration of battery storage.

e Potential to reduce peak loads with battery storage.

e Potential to reduce peak electrical loads from ventilation fans through temporary
reductions in supply airflow. This includes evaluating the extent to which the airflow
can be reduced without compromising good indoor air quality and identifying
suitable control strategies. It assesses the impact on cooling load.

e Potential and suitable control strategies to utilize thermal storage in the building to

decrease energy use for district heating.

The following key performance indicators (KPIs) are planned to be evaluated:

e Energy use and peak power for electricity, district heating, and district cooling,
respectively
e Indoor temperatures and their correspondence with setpoints for representative
examples of the different room types
e Flexibility indicators

Sensitivity analyses are also planned, focusing on:

e Internal heat gains.
e Climatic conditions through simulations using different weather years

The modelling activities and simulation studies for the Swedish pilot are currently ongoing.
Therefore, quantitative results, graphical analyses, and final conclusions are not yet available at
this stage.

Estonia

Table 5: Information on Building Simulation Models— Estonia

Tools / software used:

IDAICE 5.1

Objective /use case:

Evaluation of energy-flexibility and smart-grid-readiness measures (demand-controlled
ventilation, room-temperature control, load shifting, peak shaving), generation of datasets
for KPI evaluation, and provision of a calibrated digital twin for testing control strategies
and synthetic fault scenarios.

Geometric and physical representation:

e Sixfloors, including one underground level with garage and technical room, top
floor is mostly technical rooms; 57 thermal zones
e Thermal envelope (excl. windows): U-values calculated based on material layers
from construction drawings and adjusted if needed during model calibration:
o Roof: thermal transmittance 0.17 W/(m?K), area 4325 m?
o Slab towards ground: 0.15 W/(m?2K), 3365 m?
o Slab towards outdoor air: 0.20 W/[m?K], 953 m?
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o Basement wall towards ground: 0.17 W/(m2K), 832 m?
o External walls towards outdoor air, weighted average: 0.22 W/[mK),
3534 m?
o Thermal bridges: heat conductivity 1012 W/K
e Windows: Values based on technical report.
o U-value with frame: 1.46 W/(m2K)
o g-value: 0.4
o LT-value: 0.61
e Infiltration: fixed infiltration air change rate 0.05 h”'
e Information on technical systems:
o Two supply-exhaust air handling units (AHUs) in the building with 40%
heat recovery temperature efficiency and specific fan power 2.1
kW/[m?2/s).
o Three supply-exhaust air handling units (AHUs) in the building with 75%
heat recovery and specific fan power in the range of 1.7-2.1kW/(m?/s).
o One supply-exhaust system without heat recovery and specific fan
power 1.9 kW/(m?/s).
o Six mechanical exhaust fans with specific fan power in the range of 0.9-
1.5 kW/(m?/s).
e Specific heat transmittance per heat floor area: 0.68 W/(m?2K).

The heating distribution system is modelled with water radiators and the cooling system
with ideal coolers. The standard plant model of IDA-ICE is used.

Boundary conditions (external signals):

Weather: measured TalTech campus data (UO6 weather station — air temperature and
global/direct/diffuse solar irradiance) and/or an Estonian reference year. Grid signals:
Nord Pool electricity spot price and/or CO, intensity for demand-response scenarios.

Internal gains:

Occupancy, lighting and equipment were assessed based on hourly data from electricity
main meters (total 2) or EN 16798-1 and standard usage profiles have been used in some
cases.

Limitations/simplifications/assumptions:

Schedule-based occupancy (no stochastic behaviour); simplified plant representation. The
current BMS probably does not function ideally, which has not been taken into account in
detail.

Control logic:

Documented CON and SOC operation: individual room-temperature control via local
panel and BMS (panel set-points reset at end of workday|; demand-controlled ventilation
in classrooms, some offices, meeting and break rooms based on CO, concentration and
temperature, with airflow further increased under high cooling demand; active chilled
beams (CON) or fan-coils (SOC); a central summer/winter changeover preventing
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simultaneous heating and cooling; scheduled AHU operation with configurable reduced
pre-/post-workday ventilation. ENTRANCE scenarios build on this rule-based baseline
(e.g. refined DCV and room-temperature control, load shifting).

Simulation resolution:

Hourly measured data is typically available; however the simulation model enables
practically any time step.

Calibration with measurements (if any):

The simulation SOC building IDA-ICE model was composed based on building
documentation and measured hourly electricity use of the buildings. Model was calibrated
with monthly metered energy use from 2021. The calibration results of SOC building IDA-
ICE model have been reported in [15] and it was referred to as reference building 1(RB1).

The CV(RMSE) was 10.9 % and 23.9 %; NMBE 11.1 % and 17.5, respectively for electricity
and heating energy use. Although the heating energy calibration did not achieve ASHRAE
requirements, due to substantial variations in January, February and September (due to the
building use in 2021 (COVID-19 period), the model considered to be appropriate for case
study and method assessment. Excluding the problematic months enabled fulfilling the
calibration criteria.
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Results and Key Findings:

e The IDA-ICE model was mainly calibrated for generating data for training and
validating data-driven models described in the next subsection of this document.

e For data-driven fault detection methods development one ideal/fault-free case plus
five fault cases: unstable space-heating circuit valve, unstable AHU supply-air
temperature, AHU heating/cooling switching, AHU heating-coil valve leakage, and
ventilation airflow imbalance.

e The SOC building normalized 2020-2021 average energy use was 156 kWh/m?
heating and 117 kWh/m? electricity

e No sensitivity analysis has been performed yet.

e Simulated data with detailed calibrated models enables training data-driven models
more successfully that measured data alone.
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Italy
Table 6: Information on Building Simulation Models — Italy

Tools / software used:

EnergyPlus

Objective /use case:

e Baseline dynamic energy simulation of a multi-zone building
e Development of a calibrated model representative of real building operation
e Simulation of peak load shifting potential for demand response analysis

Geometric and physical representation:

e 5floors (including underground and mezzanine), 41 thermal zones
e Heated area of approximately 5,500 m? and cooled area of 4,460 m?
e Thermal envelope:
o External opaque walls: U ~ 0.28 W/m?K
o Main glazed facade: U ~ 117 W/m?K
e No shading systems modelled
e Infiltration: constant air exchange rates at zone level (0.1 ach)
e Ventilation: minimum outdoor air flow rates defined according to UNI10339 (1995)
o Offices/open spaces: 111/s - person
o Auditorium: 5.51/s - person
e HVAC systems:
o Mechanical ventilation systems modelled as Dedicated Outdoor Air
Systems (DOAS) with rotary heat exchangers (sensible effectiveness: 70%,
latent effectiveness: 65%)
o Low-temperature radiant ceiling systems
o Four-pipe fan coil units
o District heating and cooling loops (simplified plant representation)
e Domestic hot water: no DHW production modelled

Boundary conditions (external signals):

e Weather data: reference IWEC (International Weather for Energy Calculations)
weather file for Turin retrieved from Energyplus weather database updated with
hourly meteorological data for the 2024-2025 period

o Grid signals: electricity price and carbon intensity

Internal gains:

e Occupancy, lighting and equipment schedules defined according to UNI 10339
(1995), UNIEN SO 7730 (2006) and UNI EN 16798-1(2019)

e Typical office densities: 0.06-0.12 pers/m? for occupancy and 12 W/m? for
lighting/equipment

Limitations/simplifications/assumptions:
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o Simplified plant systems using district heating/cooling (no detailed generation
modelling)

e Some real systems are neglected or simplified

e No detailed occupant behaviour (schedule-based representation only)

e Partial-year simulation (winter-dominated period, not full annual)

e Infiltration modelled with constant and schedule-based values

e Manual trial-and-error calibration approach

Control logic:

e Zone-level thermostatic control based on dual setpoints
o Heating season: 20°C during occupied hours, set-back of 18°C
o Cooling season: 26°C during occupied hours, set-back of 27°C
e HVAC operation based on predefined occupancy schedules
e Demand response control implemented through EnergyPlus EMS (Energy
Management System)
e Rule-based control logic driven by external electricity price and €054 intensity
signals

Simulation resolution:

Sub-hourly simulations with 15-minute timestep during heating season (November-April)

Calibration with measurements (if any):

o Calibration against measured district heating consumption for the 2024-2025
heating season
e Method: manual iterative trial-and-error, following ASHRAE Guideline 14 (hourly
resolution)
e Statistical indicators:
o Normalized Mean Bias Error NMBE): -0.51%
o Coefficient of Variation of Root Mean Squared Error (CVRMSE): 59.44%

Results and Key Findings:

The ltalian pilot site investigated a baseline operational scenario based on district heating
together with demand response scenarios where the district heating system was replaced by
a heat pump operated using rule-based control strategies. The evaluated demand response
approaches included both price-based and CO,-based control strategies. The main key
performance indicators considered in the analysis included energy consumption, peak load
variation, load shifting capability, and thermal comfort assessed through a Performance
Index. Quantitative results and graphical analyses demonstrated good agreement between
simulated and measured energy use after the calibration process, indicating that the
developed model can adequately reproduce the thermal behaviour of the real building, see
Figure 10.
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Figure 10: Italian pilot: hourly thermal power demand- comparison between monitored and simulated data

Sensitivity analyses were performed by evaluating different percentile thresholds applied in
the demand response control strategies. The results showed that the implemented demand
response strategies enabled effective load shifting in response to external signals such as
energy prices and CQO, indicators. Furthermore, the flexibility performance was found to
depend strongly on the selected thresholds and external control signals. The analysis also
highlighted a trade-off between increasing energy flexibility and maintaining indoor thermal
comfort conditions.

Poland
Table 7- Information on Building Simulation Models — Poland

Tools / software used:

EnergyPlus

Objective /use case:

To have a calibrated EnergyPlus model of the building that accurately replicates the
building heating demand. Such an energy model enables simulation of:

e peakload reduction potential for heating and electricity, and subsequent reduction
of associated energy costs;

e peak load shifting potential for heating demand response analysis;

e heating load at building level and supply temperature of heating medium in full
heating season, which helps to integrate heat pump, thermal energy storage, etc.

Geometric and physical representation:

e Five floors, including one underground level; 91thermal zones

e Thermal envelope: U-values from construction drawing.
External walls: 0.163 W/(m2K)

o External doors: 0.90 W/(m2K)

o Roof: 0.15W/(mK)

o Slab towards ground: 0.30 W/(mK|

o Windows: 0.90 W/(m2K)
Infiltration: constant air exchange rates at zone level (0.1 ach)
No shading systems modelled
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e HVAC systems:
o There are air handling units (AHUs) with 80% heat recovery in the building
supplied with heating medium of 40/35°C by outdoor temperature -20°C.
o Heating system: Convective radiators supplied from down with heating
medium 80/60°C by outdoor temperature -20°C.
e Domestic hot water: no DHW production modelled

Boundary conditions (external signals):

e Weather data: Climate files since October 2025 based on local measurements in
the weather station, including outdoor dry bulb temperature, wind speed, solar
radiation.

e In the future (after integration of heat pump, thermal energy storage, electricity
storage) also grid signals: electricity price will be included in such simulations.

Internal gains:

Occupancy, lighting, and equipment schedules defined according to EN ISO 7730 and
EN16798-1

Limitations/simplifications/assumptions:

e No detailed occupant behavior. All spaces (offices) exhibit same behavior.

e Average setpoint of indoor temperature has been chosen for heating instead of
individual temperatures for each zone.

e Infiltration modelled with constant and schedule-based values.

Control logic:

e Weather-based control of heating system according to heating curve fill
18/01/2026
e Forecast control of heating system by use of forHEAT system from 18/01/2026

Simulation resolution:

e Sub-hourly simulations with 15-minute timestep during heating season (October-
April)

Calibration with measurements (if any):

Building simulation model in EnergyPlus was calibrated with coefficient of variation of the
root mean square error (CV(RMSE)), normalized mean bias error (NMBE), and coefficient
of determination (R2) of < 30 %, <10%, and > 0.9, respectively.

Results and Key Findings:

The building was entirely modeled in DesignBuilder — geometry, building opaque and
transparent envelope, heating system and occupation. For EnergyPlus simulations, custom
climate EPW files were used for each evaluated period of time generated from monitored data
for temperature, wind and solar radiation. An iterative adjustment procedure of adjustment was
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applied to refine model parameters, e.g., envelope properties, system characteristics, and
operational profiles, until the ASHRAE criteria were met for the analysed period.
At this stage, heating load at building level and supply temperature of heating medium in full
heating season were evaluated (see Figures below) which after will help in framework of the

process of selection and integration of heat pump, thermal energy storage, electricity storage,
etc. in the pilot building.
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Figure 12: Supply temperature of heating medium in pilot building in Poland.
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In future work, following the integration of the heat pump, thermal energy storage, and electrical
energy storage into the pilot, the simulation scenarios will also incorporate grid signals (e.g.,
electricity prices) together with the operation of these energy assets.

4.2 Data-driven building models in pilot sites

This section covers reduced-order and learning-based models derived from measurements,
including both physics-informed parametric models and machine learning-based
approaches.

Denmark

Table 8: Information on Data-Driven Models— Denmark.

Tools / software used:

MATLAB

Objective / use case

e Indoor Temperature Forecasting
e Weather forecast-based Model Predictive Control
e Demand Response Control

Model type and algorithm:

e Grey-box Models: 1st, 2", 319, 4™ | and 5" order models
e Artificial Intelligence: artificial neural networks (ANNs)

Input data and parameters:

e Historical values for the indoor temperature
e Outdoor temperature
o Supplied heating from district heating

Target variables:

Indoor Temperature (Building level)

Data source:

Measured data from a test pilot, that is an office in Denmark, and an access is provided
to data by ReMoni.

Sampling time
Various sampling times, from seconds to a day, e.g.,

1s, 30s, Imin, 5mins, 15min, 30min, 1h, 6h, 12h, 1 day

Training and validation dataset size
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It varies based on the sampling time. For the basis and all datasetsbelongs to a duration
of about 24 days. Considering the sampling time of 5 min, the dataset includes 6911
samples.

e For grey-box models, 75% of the dataset is used for the training, and 25% for
testing.

e For Al model, the training, validating, and testing phases use 70%, 15%, and 15% of
the dataset, respectively.

Limitations/simplifications/ assumptions:

Only outdoor air temperature is explicitly included as an external disturbance in the
grey-box building model. Other important disturbances, such as solar radiation, internal
heat gains (occupancy, equipment), and ventilation effects, are not directly measured
or modelled. They are instead implicitly captured through temperature-dependent
parameter estimation. This simplification can reduce model accuracy under varying
conditions (e.g., high solar gains or changing occupancy).

Generalization tested:

Yes, the methodologies have been implemented for generalizing on another dataset
that belongs to another building.

Methodology:

For the data-driven modelling, two well-known techniques were implemented, i.e., grey-box
modelling and Al-based modelling. Grey-box modelling relies on both physical knowledge and
collected data, whereas Al-based modelling requires only data.

To clarify, for the grey-box modelling, the energy balance equation of the building was first
formulated. Then, the collected dataset was used to obtain the parameters of the discrete
equation for indoor temperature modelling by minimizing the calculation error. The unknown
parameters of the equation were estimated through an optimization process aimed at finding
the minimum value of the cost function.

It is important to note that, there are different discretization strategies, each with different levels
of accuracy, for converting the continuous model into its discrete counterpart. Therefore, by
applying different discretization techniques, many discrete models can be developed. However,
these techniques often rely on using more historical data by increasing the model order.
Although increasing the model order can improve accuracy, using samples that are too far in
the past may have little effect on the system. Therefore, only 13 models were considered here,
and they achieved very good results; consequently, there was no need to consider additional
models.

In the case of Al, the parameters of the neural network were determined through a training
process to achieve the best performance, that is, the minimum prediction error. For the training,
Levenberg-Marquardt backpropagation algorithm was deployed. In the hidden layer of the
ANN, various activation functions (tansig, purelin, and logsig) were implemented and evaluated.
Typically, for both grey-box and Al models, the optimization process is performed by defining
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a cost function that measures the error, such as squared error (MSE). For grey-box modelling,
this may involve expressing the cost function in matrix form using linear algebra, and setting the
derivative of the cost function equal to zero. In contrast, for Al models, optimization is usually
achieved through an iterative training process conducted over multiple epochs.

To summarize, the grey-box and Al models were developed for one-step-ahead prediction of
indoor temperature as follows:

> Grey-box Modelling:
e Data preparation
o Dataset preparation in matrix or vector forms using prepared data in step 1
e Model formulation using the building energy balance equation
e Cost function definition using linear algebra to minimize the error
e Estimation of unknown parameters of cost function using the discrete
equation and dataset in matrix form
e Testing the model with the identified parameters on the test dataset
> Al Modelling:
e Data preparation
e Selection of the Al model architecture, specifically an artificial neural
network (ANN) with a feedforward architecture
» Numbers of hidden neurons
> Type of the activation function
e Training, validation, and testing dataset preparation
e Training method selection
e Training the ANN to tune the weight factors and bias coefficients of the
neurons using training and validation datasets
e Testing the trained ANN on the test dataset

Results and Key Findings:

For both the grey-box and ANN models, the model performance is currently evaluated using
one-step-ahead prediction. The mean squared error (MSE) is used for the grey-box models,
while both the MSE and the correlation coefficient (R] are used for the ANN models. Although
one-step-ahead prediction provides an initial assessment of model accuracy, future work will
extend the validation to multi-step-ahead prediction, which is more suitable for evaluating
model performance in predictive and closed-loop control applications.

Table 9: Summarized information of the developed 13 grey-box models to estimate the indoor temperature.

Introduced . -
Computational Calculation’s Speed
Model Degree Complexity Approx: (CC) Approx: (CS)
Number plexity Approx: pprox:
1 15t Order CcC CS
2 15t Order Smaller than CC Faster than CS
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3 15t Order cC cS

4 2" Order Larger than CC Slower than CS

5 2" Order cC (o

6 2 Order cc CS

7 34 Order Larger than CC Slower than CS
8 4th Order cC CS

9 4t Order Larger than CC Slower than CS
10 5thQrder Larger than CC Slower than CS
11 2" Order Larger than CC Slower than CS
12 2" Order Larger than CC Slower than CS
13 3th Order Larger than CC Slower than CS

In the case of grey-box modelling, for example, in the case of one of the developed models (a
second-order model, the value of MSE is about 6.8 X 107* [°C2. |n the case of ANN, the value
of MSE for one of models is less than 0-0042 [°C]? and the R value is more than 0-999. Figure 13
shows the measured and estimated values of the indoor temperature using one of developed
grey-box models, and in Figure 14, the absolute value of the error for the dataset including both
training and testing datasets for a grey-box model is shown. The measured value of the indoor
temperature and the modelled value using the ANN-based technique is illustrated by Figure 15.
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Figure 13: Testing Phase of Grey-box Modelling- The real and the calculated temperatures of the building for
one of our developed second-order models. The value of MSE is 6.7 x e—4 [°C/2
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Figure 15: All Data for ANN-based Modelling- The real and the calculated temperatures of the building for one
of our developed second-order models. The value of MSE is 4.18 x e=6/°CJ2

For grey-box models, analysis of the obtained results indicates that two main factors affect
prediction accuracy. The first factor is the sampling time, and reducing the sampling time
improves the accuracy of indoor temperature prediction. The second factor is the model order,
where increasing the order can further enhance prediction accuracy.

For ANN models, prediction accuracy is influenced by the sampling time, the model order,
commonly referred to as the input delay (historical samples) in ANN models, and the model
size, such as the number of hidden neurons. Reducing the sampling time, while increasing the
number of input delays and the network size, may improve the model accuracy.

However, it is important to note that increasing the order of grey-box models may introduce
historical values whose influence is no longer significant. Moreover, increasing the model order
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leads to greater computational complexity. Similarly, for ANN models, increasing the network
size may result in overfitting as well as higher computational complexity. Therefore, the
parameters affecting model accuracy should be selected carefully to achieve a balance
between prediction accuracy, overfitting prevention, and computational efficiency.

To conclude this part, all the introduced and developed models are sufficiently accurate for
modelling indoor temperature. The parameters of the grey-box models can be calculated
directly using linear algebra, without the need to employ iterative or search-based techniques.
In contrast, training ANNSs requires an epoch-based method involving iterative calculations and,
consequently, more computation time. Both grey-box and ANN-based models are suitable for
advanced control applications. However, grey-box models offer greater physical interpretability
and can be updated online using parameter estimation techniques, making them particularly
attractive for model predictive control. ANN-based models generally provide higher prediction
accuracy but often require larger training datasets and their online adaptation is typically more
computationally demanding. Therefore, the choice between the two approaches depends on
the specific application and the trade-off between interpretability, computational complexity,
and prediction accuracy.
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Norway

Table 10: Information on Data-Driven Models— Norway

Tools / software used:

Python

Objective / use case

Optimal control, predictive maintenance, flexibility assessment

Model type and algorithm:

System identification of Nonlinear Dynamics with control (SINDY),
Autoregressive with Exogenous Input (ARX|

ML-based

Input data and parameters:

Sensor measurements (temperature, pressure, airflow etc.), occupancy inputs, weather
forecasts.

Target variables:

Indoor temperature, HYAC power.

Data source:

Two building management systems (one energy management system, one building
services management system); simulation data.

Sampling time

Non-equidistant sampling.

Training and validation dataset size

Two different training and validation dataset sizes (train, cv, test):

- One year data (70%,15%,15%)
- One month data (70%,15%,15%)

Limitations/simplifications/ assumptions:

Limitations of the currently developed models is that the available operational data are not
covering the entire operation range, meaning that the developed models are not yet
covering operation of the entire performance range of the system. Currently, the installed
heat pump has not been used up to the full capacity. Therefore, the trained models were
not tested on the entire capacity range.

Generalization tested:
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To be tested.

Methodology:

Data-driven modeling approaches used in identifying thermal systems in Norwegian case study
are Sparse |dentification of Nonlinear Dynamics with Control (SINDYc), Multilayer Perceptron
(MLP), Neural Ordinary Differential Equation (Neural ODE), AutoRegressive with eXogenous
Inputs (ARX). All four methods are expressed as instances of a unified discrete time state-space
models:

X1 = f(Xp, Uk, dg)
SINDYc
SINDYc is based on creating a rich nonlinear candidate library @ (%, %, d):
Xr1 = EO(Xy, Uy, dk) T

The library is constructed from polynomial monomials of the combined input vector z =
[%7,4T,d"] T whos degree is less or equal to 2.

n-;l)

0(z) = (1,24, 2, ...,zn,zlz,zlzz, . ZE]ERP, p=1+4+n+ (
MLP
The residual MLP parametrizes the transition function:
Xir1 = X+ fo( Fp Uy, die)-

The input to the network is the concatienation ¢, = [&7,17,d"] T. The network is a three layer
fully-connected network with hidden dimensions [128,64,32]. The network is trained to

minimize the Huber loss:
2D s (el = [Rewalo:
=1

k=11

1
L) =
Ny

Neural ODE

Instead of directly parametrizing the discrete map ¥41 = f(-), Neural ODE models the rate of
change of the state vector:

d% N

E - g(p (x(t)ﬁ u; d),

where g, has the same MLP architecture as fy. The discrete-time prediction is obtained by
numerically integrating previous equation from t = 0 to t = At, treating u and d as constant
within each hourly window:

At
T =%+ | 0p (RO, W0 By
0

where 4" order Runge-Kutta numerical integration is used for solving the integral.
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Training. Huber loss, CoineAnnealingWarmRestarts, early stopping.
ARX

An ARX model extends the DMDx map by including lagged output measurements as additional
regressors. At time step k, the prediction uses the last n, measured outputs and the last n,
feature vectors:

V41 = @(Iﬂ;, @ € RMXManyt+npnz)

Where the regressor vector is:

- - 5 5 T
Ok = [Tl Tbmngr1s Zhr oos B—py 1

The main difference from DMDc is the inclusion of true measured past outputs J,_; as
regressors. At evaluation time, actual sensor measurements are used (not model predictions), so
the evaluation is strictly one-step ahead. The coeficients matrix @ is estimated by ridge
regularized least squares:

0 = (@Td + al) 1Ty’

Where @ stacks the regression rows, ¥’, stacks the target rows, and a = 10~* prevents numerical
ill-conditioning. Optimal lag orders are selectid by grid search: n, = 4,n, = 3.

Results and Key Findings:

Analyzing the results it is concluded that ARX, Residual MLP and Neural ODE achieve much
better results in capturing the dynamics of the CO, heat pump. Results are depicted in Table 11.
On Figure 16 prediction of each model can be seen, it is clear that ARX model best captures the
dynamic of the model. Figure 17,Figure 18, Figure 19 show predicted vs measured data for HT
gas cooler, LT gas cooler, COP respectively.

Table 11: Performance indicators for best models.

Qnr Qur COP
Metric ARX Residual Neural ARX Residual | Neural | ARX Residual | Neural
MLP ODE MLP ODE MLP ODE
R2 0.747 0.719 0.714 0.934 0.928 0.929 | 0.803 | 0.7662 0.7646
CV- 38.85 41.08 41.42 15.39 16.13 16.04 | 46.32 | 50.39 50.56
RMSE%
NMAE% | -1.97 -0.66 -1.93 0.39 -0.45 -0.22 | 176 0.94 1.18

52



Full Dataset One-Step-Ahead Predictions (At=10 min, 2024-2024)
Shading: Train (blue) | CV (amber) | Test {red)
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Figure 16: Prediction of high temperature [HT) gas cooler and low temperature [LT) gas cooler load, and COP
using ARX, SINDYc, Residual MLP, Neural ODE.

Predicted vs Measured — HT Gas Cooler OHT (test, At=10 min)
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Figure 17- Predicted vs measured HT Gas Cooler Load of CO2 hest pump using ARX, Residual MILE, Neural ODE.
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Predicted [kW]

Figure 18: Predicted vs measured HT Gas Cooler Load of CO: heat pump using ARX, Residual MLP, Neural ODE.
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Figure 19: Predicted vs measured COP of COZ2 heat pump using ARX, Residual MLP, Neural ODE.

Estonia

Table 12: Information on Data-Driven Models — Estonia

Tools / software used:

IDA-ICE 4.8; Python; SciPy

Objective / use case

Two use cases are reported in this sub-section, which are subsequently described with the
same numeration:

1.

Energy baseline generation for post-retrofit savings assessment [15]
2. Predictive maintenance / HVAC fault detection using limited heat-meter data [16]
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Model type and algorithm:

1.

2.

Two approaches: monthly degree-day baseline model; hybrid ML model with K-
means clustering plus scenario-specific RF and neural-network regression.
Unsupervised, feature-based K-means clustering. Features based on skewness,
Pearson correlation, and Spearman correlation.

Input data and parameters:

1.

Heating and electricity energy use; outdoor temperature, RH, wind
speed/direction, direct and diffuse solar radiation; engineered time, solar, EWMA
temperature/irradiance, and enthalpy features.

Hourly space-heating energy, supply-air heating energy, outdoor air temperature,
direct normal solar irradiance. Synthetic AHU valve signals used for representative-
period selection.

Target variables:

1.

2.

Monthly heating and electricity energy use baseline. ML predicts hourly energy
use, then aggregates to monthly values.

Fault/operation cluster: ideal operation, space-heating valve instability, supply-air
temperature instability, AHU heating/cooling switching, heating-coil valve
leakage, airflow imbalance.

Data source:

IDA-ICE synthetic data, measured data for both cases.

Sampling time

1 hour

Training and validation dataset size

1.

2.

Simulated validation: training 2017-2019, prediction 2020-2021.

Six simulated cases: ideal + five faults. Representative transitional subset: 18 days
per case; daily clustering used 18 points per case, full-period clustering used one
point per case. Real application tested on 13 campus buildings and 47 systems.

Limitations/simplifications/ assumptions:

1.

Metered heating period affected by COVID-related operational changes.
Assumes comparable pre/post operation for savings assessment. Feature
selection was manual. DD model uses fixed base temperatures. Electricity showed
weak weather correlation.

Full-fault scenarios only; partial and simultaneous faults not fully addressed.
Summer heating data excluded due low meter reliability. Comfort impacts not
modelled. Faults affecting mainly electrical, airflow, pressure, or sensor signals
were outside scope.

Generalization tested:
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1. Not tested across buildings
2. Trained on synthetic fault signatures and applied to other TalTech campus
buildings, but not on buildings from other real-estate portfolios.

Methodology:

o Forenergy use baseline generation, two data-driven approaches were compared for
normalizing monthly heating and electricity use. First, the monthly heating and
electricity use was normalized using heating/cooling degree-days. Second, the ML
method used hourly weather and energy data, clustered operating conditions with K-
means, and trained separate RF or NN regressors for each cluster. Hourly predictions
were aggregated to monthly baselines for savings assessment.

o The FDD model first used a calibrated IDA ICE model to generate an ideal case and
five HVAC fault cases. Hourly heating energy outputs were converted into statistical
features describing supply-air heating energy need and its relationships with outdoor
temperature, solar irradiance, and space heating. The final diagnostic model used K-
means clustering, where each cluster represented an operating signature rather than
a supervised fault label.

Results and Key findings:

o Energy baseline model calibration
o Simulated validation: Heating prediction CV[RMSE): DD 4.55-5.62%, RF 1.84-
3.32%, NN 1.41-2.69%. Electricity prediction CV(RMSE): DD 5.92-10.38%,
RF 5.22-7.50%, NN 5.64-6.55%.
o Metered COVID-period application: Heating prediction was poor: DD 33%,
RF 30%, NN 40% CV(RMSE). Electricity prediction remained acceptable: DD
11.5%, RF 9.0%, NN 9.4% CV(RMSE).

o FDD model daily feature clustering gave partial separation, with Gini index 0.81 for
the energy-use-difference period and 0.72 for the transitional period. Full-period
aggregation gave perfect separation of simulated cases, Gini index = 0.0, but daily
features were more interpretable.

o Quantitative results and graphs: For the FDD IDA ICE simulations, the ideal case had
46.0 kWh/m? space heating, 23.2 kWh/m? supply-air heating, and 69.2 kWh/m?
total heating. AHU faults caused the largest increases: AHU heating/cooling
switching +45.6%, heating-coil leakage +22.6%, and airflow imbalance +42.6%.
Cooling impacts were also high for AHU heating/cooling switching +490% and
heating-coil leakage +222%. See figures in [16].

o Sensitivity analysis (if performed): The FDD study tested representative-period

sensitivity. Transitional conditions were more diagnostic than peak winter operation:

outdoor air temperature 5-20 °C and direct normal irradiance above 35 W/m?2

exposed AHU faults more clearly. Feature aggregation was also tested: full-period

aggregation improved separability, while daily aggregation preserved
interpretability.

Key findings and recommendations:

o
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o For energy baseline generation, ML models performed best with simulated
validation data, but metered heating prediction failed during the COVID-
affected period. This shows that baseline models should not be applied
blindly during abnormal operation. For savings assessment, use ML when
hourly data are available, use degree-days only as a quick transparent
fallback, and report monthly prediction error alongside calculated savings.

o AHU-related faults are the strongest candidates for heat-meter-based
diagnostics because they produce clear supply-air heating signatures.
Recommended diagnostic features are supply-air heating skewness,
correlation with outdoor temperature, and correlation with solar irradiance.

Italy

Table 13: Information on Data-Driven Models— Italy.

Tools / software used:

CTSM-R (R), PyTorch, Optuna (Python)

Objective / use case

MPC enabling demand side management (load shifting, peak shaving, load shedding),
thermal flexibility, flexibility aggregation.

Model type and algorithm:

Stochastic grey box RC network
Residual model: neural network

Input data and parameters:

e Sensor measurements: indoor and outdoor temperature, power from district
heating network, speed modulation signals of the return fans of three AHUs
e Global horizontal irradiance

Target variables:

Indoor temperature one step ahead (building level)

Data source:

e Historical BMS
e Hourly solar radiation data was obtained from the POWER Project's Hourly API
2.8.0 version on 2025-09-29

Sampling time

15 min

Training and validation dataset size

e No. of training samples: 6746 (from 2024-11-23T00:00:00+01:00 to 2025-02-
02T723:45:00+01:00)
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e No. of test samples: 1153 (from 2025-02-03T00:00:00+01:00 to 2025-02-
15T00:00:00+01:00)

Limitations/simplifications/ assumptions:

e Exogenous input (outdoor temperature, solar radiation) is known one step ahead
e The heating loop is not modeled (yet)
e Internal gains are neglected

Generalization tested:

Not yet

Methodology:

The reference 2R2C network from [17] is extended to the 3R2C network shown in Figure 20 to
account for ventilation. Ventilation losses are modeled as proportional to the speed modulation
signal multiplied by the difference between the indoor temperature T; and the outdoor
temperature T, [17]. Accounting for ventilation losses improves model performance. In Figure
20, T. denotes the envelope temperature. P, denotes the power supplied by the district heating
network. Ps denotes solar radiation.

Interior Heater Envelope Ambient

Ventilation

Figure 20: ltalian pilot: RC network

64 indoor temperature time series are available. The series with the median value closest to the
median across all series at each time step is selected as T.. This approach reduces the influence
of outliers and captures temperature transients in a representative room. The thermocouple
resolution is 0.1 °C.

The known variables T, Ps Py, Fmnw, Fmne, Fmauo - with the latter three representing fan speed
modulation signals for the AHUs serving the NW wing, NE wing and auditorium - are forward-
filled across gaps.

This work further develops the approach presented in [18]. There, a residual modelling method
combined a lumped-parameter, first-order RC model with a neural network correction.
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Results and Key Findings:
Validation & performance metrics

One-step RMSE: 0.112 °C, and the corresponding R% 0.989. Both metrics are computed on the
test set. The first 16 timesteps (4 h) are excluded from the test set to remove initialization bias
and allow the Kalman filter to converge.

Quantitative results and graphs

Figure 21 shows time series from the test set.

300k
200k
100k

0

Feb 3 Feb 5 Feb 7 Feb 9 Feb 11 Feb 13 Feb 15
2025

local_time

——yTi — yTiHat ——residuals —=—Ta — Ph

Figure 21. Top to bottom: actual Ti (blue) and forecast Ti [orange). in °C: residuals (green), in °C: Ta [red), in °C;
Ph (violet], in W. Test set.

Residuals are generally below 0.5 °C, yet they are deemed non-negligible during morning
warm-up.

Figure 22 shows the residuals’ autocorrelation function (ACF) alongside the raw and cumulative
periodogram. The ACF shows that several lag correlations fall outside the 95% confidence
interval marked by the blue dashed lines; hence, the residuals are not pure white noise. The
model is somewhat lacking in capturing IT1's thermal dynamics, especially during the morning
warm-up.
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Figure 22. Left fo right residuals' autocorrelation function, periodogram, cumulative periodogram.

The table below shows the maximum likelihood parameter estimates from CTSM-R. All
diagnostic criteria are satisfied: estimates are far from lower and upper bounds; Pr(>[t) is below
0.05; dF/dPar and dPen/dPar are close to zero.

Table 14: Maximum likelihood coefficients from CTSM-R

Estimate  Std. Error tvalue Pr(>|t]) dF/dPar  dPen/dPar
2.03E+01 1.01E-01 2.01E+02 0.00E+00 -5.21E-04 8.00E-04
6.20E+00 1.92E-04 3.24E+04 0.00E+00 -5.94E-04 -6.00E-04
241E+00 5.84E-01 4.12E+00 3.81E-05 4.66E-04 0.00E+00
3.08E+00 1.16E-02 2.66E+02 0.00E+00 -1.90E-05  0.00E+00
4.04E+06 7.80E+05 5.18E+00 2.23E-07 -6.78E-05 0.00E+00

o V\IpE 1.02E+02 1.16E+00 8.81E+01 0.00E+00 6.56E-03  0.00E+00

Cv_NE 3.53E-02 9.93E-03 3.55E+00 3.84E-04 4.31E-05 0.00E+00

Cv_NW 1.28E-02 4.05E-03 3.16E+00 1.57E-03 1.13E-05 0.00E+00

-2.55E+01 1.58E+00 -1.61E+01 0.00E+00 1.41E-04 2.00E-04

-1.59E+00 9.39E-03 -1.69E+02 0.00E+00 2.40E-04 0.00E+00

-1.41E+01  1.69E-01 -8.34E+01 0.00E+00 2.22E-05 0.00E+00
1.23E+01 2.25E-02 5.49E+02 0.00E+00 1.85E-04  0.00E+00

| Aw |
| Cv_AUD
| Cv.NE |
| CV_NW |
et |
| p11 |
P22
| Rea |
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Estimate  Std. Error t value Pr(>|t]) dF/dPar  dPen/dPar
[ 147E+01  4.98E-02 2.95E+02 0.00E+00 2.39E-04  0.00E+00

The table below shows the correlations between coefficients. Some values are close to -1to 1,
indicating that this aspect requires further improvement.

Table 15: Correlation between coefficients from CTSM-R

Tio Te0 Aw Ce Ci Cv_AUD Cv_NE Cv_NW e11 p11 p22 Rea

003

X 009 042

0.04 -023 -0.63

-0.09 042 097 -0.41

009 -042 -1 064 -0.96

009 -043 -1 056 -0.99 0.99

009 -043 -1 056 -0.99 0.99 1

[CE 008 041 098 -078 0.89 -098  -096  -0.96

[JE 002 -0.02 -004 01 -005 005 0.5 0.05 -0.08
FZZ 004 024 063 -1 042 -064 056  -056 078 -0.1
L3 o004 023 -062 1 04 063 055 055 -077 01 -1
[ 004 -024 -064 1 -0.43 065  0.57 057 079 01 -1 1

Key findings and recommendations

Overall, the performance of the 3R2C model is deemed acceptable. However, further work is
ongoing. The next steps are:

N

w

»

Use weather APIs forecasting T, and Ps one step ahead.

Assess performance for an open-loop simulation without state re-initialization, over, for
example, 1 h or more. While the performance metrics above are based on one-step-ahead
forecasts, multi-step-ahead performance is more relevant for energy flexible control.
Model T, (temperature in the heating loop), since the RC model yields non-negligible
residuals during the morning warm-up. This would increase the model order to 3.

Model residuals using @ machine learning model. A neural network could mitigate this issue
by learning and forecasting time-varying residuals; see [18] and Figure 23. Since residuals
exhibited daily and weekly patterns arising from unmodeled dynamics, time features -
namely, minutes since midnight and day of week - were provided as inputs to a feedforward
neural network built in PyTorch to estimate residuals. Optuna helped to tune
hyperparameters; namely, number of layers and neurons per layer, dropout rate, batch size,
learning rate. The best model was trained using the Adam optimizer. In the previous work,
residuals were given in W, not in °C.
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Figure 23. Actual and forecast residual from [18]

Poland

Table 16: Information on Data-Driven Models— Poland.

Tools / software used:

Python — forHEAT system

Objective / use case
- Weather forecast-based Model Predictive Control
- Demand Response Control
- Optimal control

- Flexibility assessment

Model type and algorithm:

Grey-box model in the form of an equivalent outdoor temperature --- method for

generating the energy characteristics of buildings and their heating systems, without the
influence of occupants.

Input data and parameters:
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Weather data (outdoor temperature, wind speed and solar insolation), heat power
supplied to the heating system in pilot in Poland

Target variables:

HVAC power, equivalent outdoor temperature

Data source:

Measured, archival values from forHEAT system in pilot in Poland

Sampling time

10 min

Training and validation dataset size

Training for the analysed pilot in Poland was performed by use of data from 17/10/2025
t018/01/2026.

75% of the dataset is used for the training, and 25% for testing.

Limitations/simplifications/ assumptions:

Without the influence of occupants, which will be presented in section 4.3 of this
deliverable

Generalization tested:

Validated on other buildings in frame of development of forHEAT system (forecast control
of heating)

Methodology:

Space heating demand forecasting is performed using the forHEAT system, a predictive control
platform based on the equivalent outdoor temperature (Teq) method, described in detail in [19].
Building’s heating demand is influenced by a combination of external weather parameters, i.e.,
outdoor air temperature (Te [C]), average wind speed (Vuing [Mm/s]) and global horizontal solar
radiation (Isol [W/m?]). These variables interact in a non-linear way with the thermal behavior of
buildings. To simplify this complexity, the Teq method introduces the equivalent outdoor
temperature (Teq,e [cC]), that corrects the outdoor temperature based on wind and solar effects.
This method may easily and accurately determine the impact of the most important external
factors (outdoor air temperature, wind speed and solar radiation) on the required heat output
for heating of buildings. The aforementioned external and internal factors (broadly understood
as the impact of building users) simultaneously affect the heat demand of the buildings and the
delivered heat power. Therefore, the appropriate selection of the relevant parameters and data
for the analysis and the development of an actual building energy model that eliminates the
influence of other factors, is an important issue (please see Figure below).
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Figure 24. Schema of method for determining the energy model of building in form of equivalent outdoor
temperature [19]

Results and Key Findings:

In this way a real, physical building energy model is developed, taking into account the real
efficiency of the installed heating system, but without taking into account the impact of the
building occupants at this stage. This is achieved by defining an equivalent outdoor temperature
(Teq), which includes a correction due to wind speed and a correction due to solar radiation.

The building energy models that were developed for the analyzed building in the form of an
equivalent outdoor temperature is given in the following Equation for pilot building in Poland.

Teb;ffdfngﬂ = Toutdoor — (0.58 -V —0.78) + (0.01 - Insol + 0.01)

By substituting the hourly values of the relevant weather variables—namely outdoor
temperature (Toutdoor), Mean or maximum wind speed (Vimesn o Vi, and solar radiation (Insol)—
into the equations presented above, the equivalent temperature (Teq) for a specific building can
be calculated. This value can then be used to estimate the corresponding heat power supplied
to the building.

Coefficients of determination of the developed regression equations for the dependence of
correction due to wind speed was equal to R?= 0.93 and for the dependence of correction due
to solar insolation was equal to R?= 0.82.

Table 17: Statistical indexes comparing the predicted with the measured hesat power delivered fo the analysed pilot
building in Poland.

Model MBE [%] CVRMSE [%]
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0.00 am.-11.59 p.m. 12.5 15.8

11.00 p.m.- 4.00
7.8 9.7
a.m.
6.00 a.m.-6.00 p.m. 11.3 14.8
10.00 a.m.-2.00 p.m. 9.9 12.6

The analysis indicated that wind-related corrections should be calculated using data collected
during nighttime hours (for example, between 11:00 p.m. and 4:00 a.m.), when the influence of
solar gains is absent and occupant-related disturbances are minimized. In contrast, corrections
associated with solar radiation should be derived from periods characterized by low wind
speeds and selected daytime intervals. For residential buildings, data recorded between 10:00
a.m. and 2:00 p.m. on weekdays is recommended, whereas for public buildings, the same time
window on weekends is more appropriate, as these periods reduce the effects of both wind and
occupant activity.

The proposed approach can be applied to develop a simplified energy model of a building and
to determine with greater accuracy both the duration and magnitude of heat supplied for space
heating. This is particularly effective during periods when occupant influence and other internal
heat gains are negligible. That is why, it was important to extend the proposed building energy
model, which currently considers only external environmental variables, by incorporating the
effects of internal factors, particularly occupant-related influences, on the heat power supplied
to the building (see section 4.3 for more details in this regard). Integrating these additional
factors is expected to improve the accuracy of short-term heat demand forecasts for individual
buildings while avoiding the need for computationally intensive and highly detailed modeling
and simulation techniques.

Such a complex building energy model which includes the influence of external (weather) and
internal (occupant’s profiles) was integrated into forHEAT system — forecast control of heating
system. See more details about the first field experiences related to this system in [20] and/or
about long-term field evaluation related to this system in [21]

In the analysed pilot building in Poland weather-based control of heating system according to
heating curve was till 18/01/2026 and after (from 18/01/2026) forecast control of heating
system by use of forHEAT system was applied in order to include building performance and
occupancy for enhancing flexibility and smart-grid readiness.

Below are presented results from filed studies, which show the influence of forecast control on
characteristic parameters of heating system in pilot building in Poland.
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Figure 25. Supply temperature of heating medium dependency on outdoor femperature for pilot building in
Poland before and after integration of forecast control method.
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Figure 26. Return temperature of heating medium dependency on outdoor temperature for pilot building in Poland
before and after integration of forecast control method.
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Figure 27. Heating power dependency on outdoor temperature for pilot building in Polend before and affer
integration of forecast control method.
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Figure 28. Hest consumption dependency on outdoor temperature for pilot building in Polend before and sfter
integration of forecast control method.

Thanks to integration of analysed forecast control method which take into account building
performance and occupancy for enhancing flexibility and smart-grid readiness it was possible
to decrease supply tempertaure by 15.0%, return temperature by 13.2%, heat power supplied to
this building by 21.1% and heat consumption for heating by 21.2%.

Additionally, due to limited data in 1h resolution from pilot building (data only since 17.10.2025),
additional detailed analyse was made for purpose of ENTRANCE project, which based on
multifamily building in Poland (please see for details [22] . This analyse presents comparison of
three methods for space heating demand forecasting in one residential building in Poland (as a
case study), which has been monitored since 2018 and is being operated in forecasting mode
since 2021 through the forHEAT system developed by the Lublin University of Technology. This
study presents a multi-method framework designed to overcome the shortcomings of previous
research and contribute to the advancement of building heating demand forecasting and
control. Although a substantial body of literature addresses short-term load prediction using
machine learning and deep learning algorithms, comparatively few studies examine the
integration of forecasting with control strategies, assess the influence of input data quality, or
systematically compare different modeling approaches under real operating conditions.
Furthermore, simplified techniques, such as equivalent temperature models, are seldom
evaluated across multiple seasons or under diverse control scenarios, which restricts their
applicability in practice (see the figure below with a summary of the methodology used in this
study).
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Figure 29. Methodology used in this study [22]

Method 1 uses a calibrated EnergyPlus model to simulate building behavior under both weather-
based (2018-2021) and forecasting-based control (2021-2024), offering insights into seasonal
load patterns and about the limitations of static modeling under dynamic control. Method 2
develops 26 nonlinear autoregressive neural networks with exogenous inputs (NARX), exploring
combinations of seasonal subsets, training durations, and control paradigms. Method 3
intfroduces a simplified empirical model based on equivalent outdoor temperature (Teq) for real-
time implementation. While Teq maintains low bias (NMBE within £ 0.6%), it suffers from higher
variability (cvRMSE up to 27%) and limited adaptability. See below Figure with graphical

summary of obtained results.
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Figure 30. Conceptual Comparison of Building Heating Demand Modeling Approaches: Assessing Method
Reliability under Different Control Strategies and Seasonal Conditions [22]

This study infroduces several key contributions:

+ Extensive multi-season evaluation: Using six years of monitored operational data, the
analysis investigates heating demand not only during winter peak periods but also throughout
transitional seasons, including autumn and spring. Both conventional weather-compensated
control and forecast-based control strategies are considered. This broader scope differs from
many earlier studies that rely on short monitoring periods, single-season datasets, or idealized
boundary conditions.

« Combined assessment of multiple modelling techniques: Physics-based simulation
models, NARX neural networks, and equivalent temperature approaches are implemented and
evaluated simultaneously. This enables a structured comparison of their predictive
performance, robustness, and transferability. In contrast to previous research, which often
examines these methods independently, the proposed framework highlights their relative
advantages and limitations under practical operating conditions.

» Connection between research and real-world implementation: The integration of
detailed simulation methods with data-driven and simplified modelling approaches offers
practical guidance for building retrofits, energy performance improvements, and the
implementation of predictive control systems. Such a holistic perspective remains uncommon
in the existing literature, where studies typically concentrate either on forecasting performance
or on control strategy development, rather than addressing both aspects within a unified
framework.

Key findings and recommendations

A key aspect of developing a building energy model and assessing the influence of a specific
external variable is the careful selection of operational and corresponding meteorological data.
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Appropriate data filtering makes it possible to reduce the effects of other external influences,
such as additional weather parameters not included in the analysis, as well as internal factors,
including occupant-related activities. As a result, the impact of the selected variable on the heat
power supplied for space heating can be evaluated more accurately.

Consequently, the proposed energy model can be employed to accurately predict the heat
power required by a building as a function of external conditions, including outdoor
temperature, wind speed, and solar radiation. The model is particularly effective during periods
when the influence of occupants and other internal heat gains is negligible, allowing the effects
of external factors to be assessed with a high degree of precision.

4.3 Occupancy estimation models in pilot sites

Denmark

In the Danish pilot, occupancy detection is based on an existing methodology developed by
ReMoni for detecting occupancy from domestic cold-water usage. The method estimates
occupancy presence at building level by monitoring thermal transients in cold water pipes
associated with occupant water use. Within ENTRANCE, the existing approach is investigated
as a potential source of occupancy information for occupancy-aware control and energy
flexibility applications. In addition, complementary measurements are being explored to
provide ground-truth data and improve the robustness of the occupancy estimation. The
following table summarizes the main characteristics of the existing occupancy detection
method, followed by a more detailed description.

Table 18: Information on Occupancy Estimation Models— Denmark.

Objective of occupancy estimation:

Building occupancy presence detection in binary form (occupied/unoccupied) and
estimation of occupancy duration. The occupancy information is intended to support
occupancy-aware building operation and can potentially be integrated into future heating
control strategies

Spatial level of estimation:

Building level.

Temporal resolution:

5 Minutes

Data sources used:

The occupancy detection method is based on the ReMoni TempMoniSpot sensor, a
wireless sensor equipped with three measuring points: two external probes mounted on
the cold-water pipe surface and one integrated sensor for measuring the surrounding
ambient temperature. Within ENTRANCE, additional measurements from an IC meter,
including CO, concentration, indoor temperature, and noise level, are collected to
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investigate possible improvements of the occupancy estimation and to support future
ground-truth data collection.

Methodology:

Data-driven / Artificial Intelligence

Estimation algorithm / approach:

Machine learning classification model based on a decision-tree approach.

Input variables / features:

Pipe wall temperature and near-pipe ambient temperature associated with the domestic
cold water system. Additional indoor climate measurements, such as CO, concentration
and indoor temperature, are being investigated within ENTRANCE as complementary
information sources.

Training and validation dataset size (if applicable):

Detailed information on the training and validation datasets is not available within the
ENTRANCE project

Generalization tested:

Yes. Information not available within the ENTRANCE project.

Methodology:

The method identifies occupancy at the building level by monitoring temperature changes in
domestic cold-water pipes caused by water use. Under normal conditions, the temperature of
the cold-water pipe gradually approaches the surrounding ambient temperature. When
occupants use water for activities such as toilet flushing, hand washing, cleaning, or food
preparation, colder supply water enters the pipe and causes a rapid temperature decrease
followed by a gradual recovery. These thermal transients form characteristic patterns that can
be detected using pipe-mounted heat sensors and used as indicators of occupant activity.

The employed ReMoni TempMoniSpot sensor is a wireless sensor equipped with three
measuring points: two probes mounted externally on the pipe surface and one integrated sensor
for measuring the surrounding ambient temperature. Sensors are preferably installed close to
the building cold water entry point and inside insulation to reduce the influence of ambient
conditions. The collected temperature data is processed to continuously estimate the baseline
pipe temperature, compensate for slow ambient temperature variations, detect rapid thermal
transients, and filter out environmental disturbances. Machine learning classification models, in
particular decision-tree-based approaches, are then used to infer occupancy presence from the
detected water-use events and their temporal characteristics. These detected events can then
be used to infer whether a space is occupied, how long it is occupied, and typical daily or weekly
usage patterns.
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Machine learning models can improve accuracy by combining water-use events with timing,
frequency, and building schedules. The method is privacy-preserving, non-intrusive, low-
maintenance, and suitable for retrofitting in offices, schools, hospitals, homes, and industrial
buildings. The method has several limitations that should be considered when interpreting the
results. Since occupancy is inferred indirectly from water use, occupants may remain
undetected if no water is used during their presence. Conversely, water consumption unrelated
to occupant presence, such as irrigation or maintenance activities, may lead to false positive
detections.

To address these limitations, ENTRANCE investigates the use of complementary occupancy
indicators to improve the robustness of the existing occupancy detection algorithm. In
particular, CO, sensors have been installed in selected rooms to provide additional information
on occupant presence and activity. The objective is to investigate whether CO, measurements
can be combined with the water-based occupancy estimation to improve the detection
accuracy and reduce false positive and false negative detections.

Overall, this approach offers a scalable and privacy-friendly alternative to traditional occupancy
sensors and can support energy control and optimized building operation. Features,
advantages, and limitations are as follows:

e When no water is being used, the pipe temperature slowly becomes close to the
surrounding temperature. This stable condition is used as the normal baseline.

e When someone flushes a toilet, washes hands, cleans, cooks, or uses equipment, cold
water moves through the pipe.

e Fresh cold water from the supply main makes the pipe temperature drop quickly. This
sudden drop is the main sign of water use.

o After the water stops flowing, the pipe slowly warms back toward room temperature. This
creates a clear temperature pattern.

e Each rapid drop and recovery is counted as a water-use event. These events are linked
to human activity.

e Machine learning or rule-based models can combine temperature events, time of day,
and building schedules to make better occupancy decisions.

e The occupancy information can support building management systems.

e This method does not use cameras, and as a result, it detects occupancy without directly
monitoring people in a data-privacy way.

e The system may miss people who are present but do not use water. It can also be affected
by outside water use, such as irrigation.

e Accuracy can be improved by combining pipe temperature data with CO, sensors,
electricity use, indoor climate sensors, or building schedules.

One of the main challenges in occupancy modelling is the availability of reliable ground-truth
occupancy data for training and validation purposes. Occupancy behaviour is highly stochastic
and obtaining long-term occupancy records often requires direct occupant participation, which
is difficult in practice. Therefore, within ENTRANCE, an additional experimental activity has
been initiated to investigate whether occupancy ground-truth data can be inferred from indoor
noise measurements. The basic assumption is that occupant activities, such as entering the
building, opening doors, walking, or speaking, produce characteristic changes in the measured
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noise level. During unoccupied periods, the noise signal remains close to a minimum baseline
level, although this baseline may still be influenced by background noise sources such as
ventilation systems. When occupants enter or move within the building, both the average noise
level and its temporal variation increase.

To evaluate this hypothesis, IC meters equipped with noise-sensing capabilities have been
installed close to the building entrances. The objective is not to replace the existing water-based
occupancy detection algorithm, but rather to investigate whether noise measurements can
provide a practical and privacy-preserving source of ground-truth occupancy information. The
collected noise measurements are being analysed together with additional sensors, including
camera-based systems, to assess their capability for identifying occupied and unoccupied
periods and supporting the future development and validation of occupancy estimation
algorithms.

As a future direction, this method will be used to generate a comprehensive ground-truth
dataset for model development. To summarize the ground-truth dataset methodology:

e Anoise sensor, such as an IC meter, is installed close to the entrance door.

e The sensor records a minimum, nearly constant value that can be considered as the
baseline noise level.

e When an occupant enters the room, noises caused by the door opening and walking can
be detected.

e When the zone has no occupants, the noise level decreases to the minimum baseline
value.

In the current stage of the work, noise sensors (IC meters) have been installed at the two main
entrances of the building to investigate the feasibility of using noise measurements for
occupancy ground-truth generation. The underlying assumption is that the first significant noise
event at the entrances corresponds to the first occupant entering the building, while the last
significant event corresponds to the last occupant leaving the building. Based on this
assumption, the building is considered occupied during the time interval between these two
events. The collected measurements are currently being analysed to assess the reliability of this
approach. In the next stage of the work, camera-based occupancy sensors are planned to be
installed to complement the ground-truth dataset and enable further evaluation of the noise-
based occupancy indication approach.

Results and Key findings:

The following figures, Figure 31and Figure 32 show the domestic cold-water temperature, the
ambient temperature, and the difference between them. Based on the figures, a pattern can be
observed in this temperature difference, with increases and decreases occurring during
occupied periods.

74



~—Drinking Cold Water Ambient Temperature

20

-~
o

Temperature (°C)

0
06.01.26 09.01.26 12.01.26 15.01.26 18.01.26 21.01.26 24.01.26
Time

Figure 31. The temperature values of the cold drinking water and the ambient.
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Figure 32. The deviation of the temperature between the drinking cold water and ambient.

In addition, the figures, Figure 33 Figure 34 illustrate the measured average noise level and its
temporal variation during the preliminary experiments. Periods with increased noise levels are
generally associated with occupant activities, whereas periods close to the baseline noise level,
32 dB, are associated with unoccupied periods. These preliminary results indicate that noise
measurements may provide useful information for establishing occupancy ground-truth
datasets, although further investigations and validations are ongoing.
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Figure 33. The value of the average noise during the experiment. The sampling time for the measurement for
this plot is one hour.
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Figure 34. The absolute value of the deviation corresponding fo the average noise.

Norway

Table 19: Information on Occupancy Estimation Models— Norway.

Objective of occupancy estimation:

Occupant count
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Spatial level of estimation:

Building level

Temporal resolution:

10 min

Data sources used:

CO, sensors

Methodology:
Rule-based

Estimation algorithm / approach:

Threshold rule

Input variables / features:

Sensors data

Training and validation dataset size (if applicable):

One day

Generalization tested:

Yes, validated on other rooms/buildings

Methodology:

Occupancy ratio was predicted with steady state approximation assuming balanced
ventilation. Ventilation flow rate and CO, were obtained for one whole year from METASYS.
There are three chosen spaces that represent offices, department store are restaurants.
Apartment space could not be provided, because either the airflow rate or CO, was missing
in METASYS. Weather data is obtained from BEMS and APl were converted to hourly
resolution to .prn file to provide it as input to the model. Equation used for estimating
occupancy ratio is given below:

N(©) = 2 O ()~ Cou®)) x 1070
L

where N(t) represent estimated number of occupants. V(t) is the volumetric flow rate in the
room, Ci,(t) and C,,, are concentration of ppm of CO; in the room, G, represents estimate of
CO, concentration generated by single person. All other constants are used for units
conversion. Obtained results are depicted in Figure 35.
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Occupancy Schedules: Restaurant / Shop, Office, and Apartment
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Figure 35: Input occupancy schedule for the calibrated model according to calculation and standard.

Internal load densities and schedules for lighting and equipment were adapted from EN 16798:1
and adjusted accordingly. Occupancy schedules for apartments were adopted from EN
16798:1. Time-series data for the number of occupants in office and commercial spaces were
calculated as a function of indoor CO; concentration (obtained from the BEMS), outdoor CO,
concentration (420 ppm), airflow rate in the space, and CO; generation per person. Occupancy
schedules for office and commercial spaces were determined using the ratio of the maximum
number of occupants per m? adopted from EN 16798:1, combined with the ratio of the
maximum number of occupants at each hour obtained from the previously described equation.
Table 20: Input occupancy schedule for the calibrated model according to calculation and
standard. Table 20 depicts the input occupancy schedule for the calibrated model according
to calculation and standard.

Table 20: Input occupancy schedule for the calibrated model according to calculation and standard.

Space type Occupants (no./m?]  Lightning (W/m? Equipment (W/m?)
Apartment 0.035 1.95 3.00
Office 0.20 8.00 11.00
Restaurant/Shop 0.08 8.00 4.00
Underground 0.001 1.00 2.00
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Estonia

Table 21: Information on Occupancy Estimation Models— Estonia.

Objective of occupancy estimation:

1. Estimate building operational hours/usage profile to normalise metered EPC
energy use to standard operating conditions. This is not occupant counting.

2. Detect room in-use / occupied periods for indoor climate class (ICC) calculation
and IAQ assessment. Not occupant counting.

Spatial level of estimation:

1. Building
2. Room/sensor

Temporal resolution:

1. Hourly input data; monthly and annual normalised energy outputs.
2. CO, data resampled to 15 min; algorithm calibrated for 5-15 min data.

Data sources used:

1. Hourly electricity data from either main or sub electricity meters
2. IEQ sensors

Methodology:

1. Rule-based / statistical profile detection from hourly power-load patterns. Manual
qualitative threshold adjustment currently.

2. Heuristic rule-based CO, trajectory detection with baseline correction and
sensitivity analysis.

Estimation algorithm / approach:

1. Define baseline power threshold; identify operational vs non-operational periods
from daily electricity power profiles; separate weekday, Saturday, and Sunday
profiles; calculate monthly average operational and non-operational loads.

2. Apply CO, baseline correction, smooth signal with 30-min moving average,
calculate CO, rate of change, classify periods as rising/stagnant/falling using
CO,-level-dependent thresholds, then apply hysteresis to mark “in use” periods.

Input variables / features:

1. Hourly average electricity power load, day type, month, operational/non-
operational load levels, standard operating hours for office and educational use.

2. Corrected CO, concentration, smoothed CO, signal, discrete derivative/rate of
change, CO,-level-dependent rise/fall thresholds.

Training and validation dataset size (if applicable):
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1. No ML training. SOC building case case with hourly system-level metering;
outputs compared monthly. Data quality was uneven, with December having 74%
missing hourly values and several other months above 40% missing values.

2. No ground-truth occupancy labels. Algorithm calibrated by empirical visual testing
and assessed through sensitivity analysis. Main high-confidence analysis used 154
sensors, about 76% of all sensors.

Generalization tested:

1. Limited. Applied to one multi-purpose building and validated against a calibrated
simulation model, but not tested across multiple buildings.

2. Partly. Tested across 17 buildings and several educational building types, but not
validated against ground-truth occupancy measurements.

Methodology:

o The operational-hours model estimates occupancy indirectly from electricity
demand patterns. Hourly cumulative meter readings are converted to hourly energy
use and average power load. A baseline threshold separates operational and non-
operational periods. Separate annual profiles are created for weekdays, Saturdays,
and Sundays. Monthly average operational and non-operational power/heat loads
are then recombined using Estonian standard operating hours, with EDUT split into
43.8% office and 56.2% educational use.

o The CO, model estimates room usage periods from CO, dynamics. Data are
cleaned, resampled, corrected for baseline drift, and smoothed. Occupancy is
inferred when CO, rises or remains stagnant after a rise; this hysteresis prevents rapid
switching between occupied and unoccupied states. Because no ground-truth
occupancy data were available, validation relied on sensitivity analysis by extending
or shrinking detected occupancy periods in 15-minute steps up to £60 minutes.

Results and Key findings:

o Validation & performance metrics

o For the operational-hours model, calculated monthly energy use matched
raw metered data well before standard-hours normalisation: CV(RMSE) =
3.72% for electricity and 2.96% for heating. After normalisation, the
difference from raw data increased to 11.6% for electricity and 16.9% for
heating, as expected because the method intentionally adjusts extended
operating hours to standard use.

o Forthe CO, model, no accuracy metrics such as precision, recall, or F1-score
were reported because true occupancy data were unavailable. Instead,
robustness was assessed through ICC sensitivity. For high-confidence
sensors, algorithmic occupancy was on average only about 40% of standard
scheduled occupancy time, meaning standard schedules overestimated
room use by about 2.5%. About 17% of sensors received overrated ICCs when
standard schedules included low-CO, unoccupied periods.
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Quantitative results and graphs
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For SOC building, operational-hours normalisation reduced primary energy
use by 15 kWh/m?2, or 11.8%, for electricity and by 7 kWh/m?2, or 10.9%, for
heating. Weather-normalised EPC decreased from 196 to 174 kWh/m?2, an
11% reduction, while the EPC class remained D.

For occupancy detection, only 154 sensors, about 76% of the full dataset,
were used for the high-confidence analysis because they belonged to the
main sensor-behaviour cluster. Sensors outside this cluster showed more
abnormal CO, dynamics and higher risk of false-positive occupancy
detection.

For the 154 high-confidence sensors, the ICC distribution became more
conservative when occupancy detection was applied. Without any
occupancy filtering, all 154 sensors were classified as Class |, because the
dataset included many low-CO, periods. With standard usage schedules, the
distribution was still mostly optimistic, with about 134 sensors in Class | and 19
in Class II. With the base algorithmic detection, the distribution shifted to
approximately 109 sensors in Class |, 41in Class Il, and 4 in Class Ill. A 15-
minute narrowing of detected occupancy gave a very similar result, showing
that slight underestimation of occupied periods had little effect on the final
ICC. Expanding detected periods gradually moved more sensors back
toward Class |.

Key findings and recommendations

O

The energy-profile approach is suitable for building-level operational-hours
correction, especially for EPC normalisation, but it should not be interpreted
as room-level occupancy detection. It requires hourly data and should be
checked with building-owner information, especially in mixed-use buildings.
The CO, approach is suitable for room-use detection for IAQ assessment,
but only after data cleaning and baseline correction. The main
recommendation is to prefer dynamic occupancy detection over fixed
schedules for ICC calculation, while maintaining human supervision because
sensor drift, data gaps, and abnormal CO, dynamics can strongly affect
results.

Across both papers, the practical recommendation is to use simple,
transparent occupancy/usage detection methods first, but to document data
quality, sensor reliability, and operating assumptions. More complex ML
methods are only justified when ground-truth occupancy data or richer
sensor inputs are available.
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Italy

Table 22: Information on Occupancy Estimation Models — Italy.

Objective of occupancy estimation:

Presence detection

Spatial level of estimation:

Room-level; namely, three offices

Temporal resolution:

15 min

Data sources used:

PIR sensors, IAQ sensors measuring CO, concentration and illuminance

Methodology:
Rule-based

Estimation algorithm / approach:

To be defined

Input variables / features:

Sensor data, datetime

Training and validation dataset size (if applicable):

since 2025-06-30

Generalization tested:

Not yet

Methodology:

PIR sensors detect occupancy. To validate their accuracy, their readings will be correlated with
CO: concentration and illuminance data from the same rooms (see Figure 32 ). Sensor fusion is
under consideration; however, work is still ongoing.
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Poland

In this part, the corresponding implemented indirect method for detecting occupancy
profiles needed for control of the heating system for the Polish pilot will be discussed in
detail. The indirect method uses several physical parameters to create occupancy profiles,
which change directly when occupant preferences related to heating system changes. The
following table presents a summary of the method, after which more detailed information is
provided.

Table 23: Information on Occupancy Estimation Models — Poland.

Objective of occupancy estimation:

Estimate indirect influence of occupancy on heat power delivered to buildings for heating.
Equivalent indoor temperature was used as the parameter related to the effect of the
building occupant behaviour to have simple, new method of short-term forecasting of heat
power for space heating, which may be easily applied in existing buildings for forecast
control of heating.

Spatial level of estimation:

Building level

Temporal resolution:

1 hour

Data sources used:

Archival hourly input data: heat power for space heating, outdoor meteorological
parameters
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Methodology:

Rule-based / statistical profile detection from hourly data (see details below)

Estimation algorithm / approach:

Sequential parameter estimation consisting of: (1) estimation of influence of
meteorological parameters on heat power for heating (2) estimation of heat loss
coefficient of the building (3) estimation of equivalent indoor temperature and predicted
heat power (4) selection the right equivalent indoor temperature profile (from 5 profiles
tested) for the following days, which will minimize the differences between Qgredicted and

Qacfual'

Input variables / features:

Archival hourly input data: heat power for space heating, outdoor meteorological
parameters

Training and validation dataset size (if applicable):

From 17/10/2025

Generalization tested:

yes, validated on other buildings in frame of forHEAT system used for forecast control of
heating system in many buildings.

Methodology:

The overview of the proposed method for estimation of indirect influence of occupancy on heat
power delivered to buildings for heating, which after may be used for short-term forecasting of
heat power demand and finally for forecast control of heating is presented in Figure 37 and in

23]
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Figure 37: An overview of the proposed approach for eestimation of indirect influence of occupancy on heat power
delivered fo buildings for heating and after for short-term hesat power demand forecasting [23].

Below are described successive steps of the proposed approach for forecasting space-heating
demand, which incorporates both external influences, represented by meteorological
conditions, and internal influences associated with occupant behavior. The procedure
comprises three main steps: (i) development of the building energy model based on the concept
of equivalent outdoor temperature (Section 4.2 above), i) estimation of the building’s average
heat loss coefficient (see below), and {iii) determination of equivalent indoor temperature (Ti®)
profiles (see below).

Step 1

The heating power delivered to buildings (Qacisl) is affected by several external variables,
including outdoor air temperature (Te), wind velocity (Vwind), and solar irradiance (Isol). Since
these factors act concurrently and their effects may persist over different periods throughout
the day, careful selection of the input data range is essential. Such an approach enables the
individual impact of each variable on Q..o be identified and quantified, thereby improving
the accuracy of future heat demand forecasts. A detailed description of the methodology used
to determine and assess the contribution of specific external factors to Qs can be found
above in section 4.2.

As a result, the actual energy performance of a building together with its heating system can be
represented in a simple, efficient, and accurate manner by means of the equivalent outdoor
temperature. This parameter incorporates adjustments to the measured outdoor temperature
that reflect the effects of wind speed and solar radiation. The wind-related correction is applied
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with a negative sign to account for additional heat losses, whereas the solar radiation correction
is infroduced with a positive sign to represent solar heat gains.

Step 2

To incorporate the influence of occupant behavior on the heat power supplied to the building,
indoor temperature must be included as a key parameter in the calculation procedure. In this
context, the heat power required for space heating can be determined using below Equation,
in accordance with the methodology presented in EN (2017).

Qactuat = k- (Ti —T)

where: k — building heat loss coefficient [W/K], Ti — design indoor temperature [°C], Te — design
outdoor temperature [°C].

By rearranging above equation and substituting the design outdoor temperature with the
equivalent outdoor temperature, a formulation is obtained for estimating the building’s average
heat loss coefficient (kmesn) from historical operating data, as expressed in below equation. The
coefficient is determined for successive time intervals, for example, using hourly measurements
over a period of nhours.

In the present case studies, kmesn Was estimated from hourly data recorded during nighttime
hours, specifically between 11:00 p.m. and 4:00 a.m. This time window was selected to reduce
the influence of occupant activities and heating system control actions on Qacal. The
calculations were carried out for the period from 17/10/2025 to 17/01/2026 using measured
values of Qucual together with the corresponding meteorological parameters, namely wind
speed (Vuind) and solar radiation (Isol). For all calculations, the indoor design temperature (Ti) was
assumed fo be constant and equal to 20°C, which is a typical value for residential and public
buildings.

n Qactual
=1 e
(Ti_Teq)

kmean n
The average heat loss coefficient (kmesn) should be estimated using actual historical operating
data simultaneously with the determination of Te®, as both parameters are assumed to reflect
the intrinsic energy characteristics of the building and its heating system. Although kmean may
also be obtained through theoretical calculations of the design heating load in accordance with
EN (2017), derived from heating system design documentation, or extracted from a building
energy audit, the use of measured operational data is generally preferred. Therefore, it is
recommended that kmean be determined from archival data covering at least one complete
heating season to ensure that the calculated value accurately represents the real thermal
performance of the building.

Step 3
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To incorporate the influence of occupants on the heating power demand (Quctsl), hourly values
of the equivalent indoor temperature ( 779 were calculated using below Equation.

Tieq — ?{actual 1 Teeq

mean

In above Equation, the equivalent outdoor temperature (Te®) represents the combined
influence of external factors, including outdoor air temperature (Te), wind speed (Vuwing), and solar
radiation (Isol), as quantified for a specific building. The equivalent indoor temperature ( 779,
introduced in the proposed methodology, is intended to capture the effects of internal thermal
processes associated with occupant behavior and the resulting internal heat gains.
Consequently, 779 indirectly reflects a variety of occupant-related influences, such as
adjustments to thermostatic radiator valves, heat gains generated by building occupants, and
additional internal gains arising from activities such as cooking or the operation of household
appliances and equipment. The primary objective of introducing 779 is to quantify the time-
varying impact of occupants on Qacal, recognizing that this influence changes throughout
normal building operation and cannot be considered constant.

The equivalent indoor temperature (779 should not be interpreted as the actual indoor air
temperature measured within a heated space or building. Instead, it is & computational
parameter introduced in the proposed methodology to represent the influence of occupant-
related factors on the heating power demand (Quacia).

Once the 7F7values have been derived from historical operational data for a specific building,
suitable 779 profiles can be selected for subsequent days. These profiles are then applied to
estimate the hourly heating power demand (Qpredicted) Using below Equation.

— eq eq
Qpredicted = Kiean (Ti —T.)

The value of the average heat loss coefficient (kmean) is assumed to remain constant for a given
building. However, it should be re-evaluated whenever renovation or modernization measures
are implemented that alter the thermal characteristics of the building envelope or the
performance of the heating system. In contrast, the influence of external conditions on the
predicted heating demand (Qpredicred) can be determined directly from forecasts of outdoor
temperature (Te), wind speed (Vwind), and solar radiation {(Isol).

Consequently, a key stage of the proposed forecasting methodology is the selection of an
appropriate 779 profile for the forthcoming days, with the objective of minimizing discrepancies
between the predicted heating power demand (Qpredicted) and the actual demand (Qaciual). To
support this process, five hourly 777 profiles were developed (see Table 24), from which the
most suitable profile can be chosen for a specific building and forecasting period.
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Table 24: Characteristics of the proposed hourly equivalent indoor temperature (Ti¢9) profiles.

Profile Characteristic

P1 hourly profile for each day from the previous week to the next week

P2 average hourly profile for weekdays and average hourly profile for weekends

P3 average hourly profile from day before

P4 average hourly profile from two days before

P5 constant value equal to design indoor temperature (for the analyzed buildings it is
assumed as 20°C)

The five proposed 777 profiles (P1-P5) represent the occupant-related patterns most frequently
observed in buildings. Nevertheless, for a particular building, an alternative 779 profile may
better characterize occupant behavior and, consequently, provide a more accurate
representation of its impact on heating power demand. The selection of the most appropriate
TF profile for a future forecasting period is based on evaluating the performance of each of the
five candidate profiles (P1-P5). Specifically, the profile that yields the smallest discrepancy
between the predicted heating demand (Qpredited) and the measured demand (Qaciusl), expressed
in terms of the mean absolute percentage error [MAPE), is chosen for the analyzed period, such
as a heating season, month, or week.

Results and Key Findings:

The proposed forecasting approach is based on a building energy model that incorporates the
effects of key outdoor weather variables specific to a given building, together with an average
heat loss coefficient determined from measurements collected during nighttime hours (e.g.,
between 11:00 p.m. and 4:00 a.m.). To account for the influence of occupant behavior, the
methodology also includes an additional parameter, namely the equivalent indoor temperature
(779). This parameter represents the impact of occupant-related activities and internal heat gains
on the building’s heating demand and is incorporated directly into the forecasting calculations.

As a consequence, the proposed model achieves lower MBE values than a simpler forecasting
model (see Section 4.2) that considers only external weather-related factors and does not
account for occupant-related influences.

Table 25: Statistical indexes comparing the predicted with the measured heat power delivered to analysed pilot

building in Poland.
Model MBE [%)] CVRMSE [%]
0.00 am.-11.59 p.m. 8.4 12.1
11.00 p.m.- 4.00 a.m. 54 8.2
6.00 2.m.-6.00 p.m. 9.2 12.9
10.00 a.m.-2.00 p.m. 7.4 11.1
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To ensure satisfactory forecasting accuracy, the 779 profiles should be reviewed and updated
periodically (recommended on weekly basis), as occupant behavior patterns may evolve over
time. Regular recalibration of these profiles (recommended on weekly basis) helps maintain the
reliability of the predicted heating demand.

The proposed method provides a practical and flexible framework for quantifying the effects of
both internal and external factors on the heat power supplied to a building. By incorporating
weather-related influences together with occupant-driven thermal impacts, the approach
enables a simple yet effective representation of the key variables affecting building heating
demand.

Owing to its general and flexible framework, the proposed method can be readily applied to
both existing and newly constructed buildings. Its adaptability enables implementation across a
wide range of building types and operating conditions without requiring substantial
modifications to the underlying methodology.
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5 Practical considerations for model development and
implementation

The model development activities carried out within WP4 have identified several practical
considerations relevant for the future implementation of data-driven control, occupancy-
aware operation, fault detection, and flexibility services. The following points summarize the
key considerations and lessons learned:

= A prerequisite for successful model development and implementation is the availability
of reliable monitoring and control infrastructure. Buildings equipped with Building
Energy Management Systems (BEMS) and advanced monitoring platforms provide
high-resolution measurements of energy use, indoor environmental conditions, and
system operation. Such data significantly facilitate model development, calibration,
validation, and operational optimization. The measurements required depend on the
modelling objective. Indoor temperature, outdoor temperature, heating or cooling
power, and HVAC operating signals support thermal-model identification and
validation. CO,, PIR, illuminance, and noise measurements can support occupancy-
related analyses, whereas supply and return temperatures, flow rates, and subsystem
energy meters are useful for system-level modelling and fault detection. Across the
ENTRANCE pilots, the available infrastructure ranges from sparse measurements of
heating circuits and indoor conditions in the Danish buildings to comprehensive BEMS
data at the Norwegian and Swedish pilots. Greater measurement coverage enables
more detailed model calibration, while modelling strategies based on sparse data
remain necessary for buildings with limited instrumentation. Consequently, modelling
methods must be compatible with existing legacy equipment, rather than relying on
ideal or fully instrumented BEMS setups.

» Practical implementation should start with the available metering hierarchy. While
whole-building meters are often available, the level of sub-metering may vary
considerably between buildings. For instance, hourly sub-metering is still limited in
Estonia; therefore, methods should be designed to work at different data granularities,
from monthly tenant-level data to hourly system-level data.

» Data quality is often the main practical bottleneck, not the algorithm itself. Missing
meter readings, faulty cumulative values, low-cost sensor drift, duplicate records,
stagnant readings, and out-of-range CO, values all required explicit cleaning before
model outputs could be trusted. Data pre-processing should be treated as a
mandatory implementation step. As an example of Estonia pilot case, in the metered
energy normalization case, cumulative hourly values had to be converted to hourly
energy use, missing records identified, and faulty readings filtered before analysis. One
case showed severe missing data problems, with December having 74% missing hourly

values and several other months exceeding 40%.
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Occupancy detection can support more efficient building operation by adapting
energy use and comfort requirements to actual occupancy conditions rather than
predefined schedules. Data-driven methods, including machine learning approaches,
provide a promising solution for occupancy estimation by exploiting relationships
between occupancy and measured building variables. However, these methods
require sufficiently large and representative datasets for training and validation.
Preparing such a dataset is highly challenging because it is difficult to always
coordinate with all occupants in a building and record occupied and unoccupied time
intervals accurately. Therefore, other smart solutions should be used to provide this
dataset. As an example of Danish pilot, one possible approach is to use physical
properties associated with people, such as noise, instead of directly asking occupants
to register their presence.

CO,-based occupancy estimation can support both occupancy detection and indoor
environmental quality assessment. CO,-based dynamic usage detection avoided
including unoccupied low-ppm periods and gave more conservative, more realistic
indoor climate classifications than standard schedules. However, successful
implementation requires careful sensor screening, calibration verification, baseline
correction, and data cleaning. As an example, low-cost NDIR sensors showed
calibration drift, baseline anomalies, logging errors, and inconsistent behaviour across
Sensor groups.

HVAC fault detection and diagnosis methods can be implemented using relatively
limited data when suitable system-level measurements are available, reducing the need
for extensive sensor networks. As an example, the FDD workflow used space-heating
and supply-air-heating sub-meter data plus weather data, making it more feasible than
methods requiring dense AHU sensor networks.

Reliable weather forecast information, particularly outdoor air temperature forecasts, is
important for predictive modelling and control applications. Weather information is an
explicit input to several ENTRANCE models. As an example, outdoor temperature,
wind speed, and solar radiation are used in the Polish equivalent-outdoor-temperature
model, while the Italian RC model uses outdoor temperature and global solar radiation.
Multi-step forecasts are required when the model is evaluated over longer control
horizons.

Fixed-priority operation of energy systems may limit flexibility potential. While
simplified control logics can be implemented, more advanced strategies, such as
predictive or optimization-based control, could improve performance, provided that
the underlying models are adequately calibrated against measured data. Furthermore,
such control strategies should be assessed and evaluated against application-specific
indicators. For example, the Norwegian simulations evaluate flexibility-factor and

flexibility-shift indicators under different floor-heating sizes and controller
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configurations, while the Swedish scenarios focus on cooling-peak reduction,
temporary ventilation airflow reduction, thermal storage in the building mass, and
battery-assisted peak management.

The prediction horizons required for flexibility services and predictive control are often
considerably longer than the model sampling interval. Therefore, model evaluation
should be based on multi-step-ahead forecasting performance, as prediction errors
may accumulate over the forecast horizon and directly affect flexibility assessments
and control decisions. Any data-driven forecasting or correction methods should be
trained and validated using representative multi-step prediction horizons, where
prediction errors are allowed to propagate over the entire prediction horizon.

The selection of model complexity and data resolution involves a trade-off between
prediction accuracy and computational requirements. For grey-box and machine
learning models, increasing the memory order, i.e., the number of previous time steps
used as model inputs can improve the prediction accuracy. However, each additional
memory step increases the number of input variables and model parameters, requiring
larger training datasets and increasing computational effort during model identification
and operation. For each one-step increase in backward memory, an additional vector
is added to the matrix representing the dataset. Similarly, reducing the sampling
interval increases the number of available data samples and may improve the ability of
the model to capture fast system dynamics. Nevertheless, higher temporal resolution
also increases dataset size, storage requirements, and computation time. This increases
the number of rows in the dataset. Therefore, the choice of memory order and
sampling interval should balance modelling accuracy, data availability, and
computational efficiency according to the intended application.

Hybrid modelling approaches combining simplified physical models with data-driven
techniques may improve predictive performance while preserving physical
interpretability. As an example of Italian pilot, one promising approach consists of
coupling a grey-box RC model with a neural network trained on the model residuals,
i.e., the difference between measured and predicted values. In such a framework, the
RC model captures the dominant building thermal dynamics based on thermodynamic
principles, while the neural network learns unmodelled effects, disturbances, and
nonlinear relationships that are difficult to represent explicitly. This can improve
prediction accuracy compared to purely physics-based models while maintaining a
physically meaningful model structure that remains suitable for control, optimization,

and diagnostic applications.
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