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ABSTRACT
A smart building HVAC control competition crowdsourced and compared algorithms on fair and 
equal ground using the standardized BOPTEST framework. The competition attracted 138 partic-
ipants, but only 9% submitted valid solutions for the final stage, highlighting the complexity of 
advanced HVAC control design. The winning solutions showed significant potential to reduce energy 
use and cost by shifting demand, without compromising occupant comfort. Across scenarios, ther-
mal energy cost reductions of 36–76% relative to a baseline, were achieved. In peak heat periods, the 
cost reduction leveraged limited energy use reduction (0–15%), but more significant energy price 
reduction (34–62%). This shows smart controls’ ability to avoid as much as possible consumption 
during the morning peak hours, when spot prices are tendentially the highest. Hosting the compe-
tition has highlighted challenges in creating competitions that both are fair and promotes solutions 
that are transferable to real life implementation.
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1. Introduction

Operation of buildings represents about 30% of energy 
consumption globally (IEA, GlobalABC, and UN Environ-
mental Programme 2020) and 40% in the EU. With 75% 
of the EU building stock being still energy-inefficient, the 

CONTACT Harald Taxt Walnum harald.walnum@sintef.no Department of Architectural Engineering, SINTEF Community, Pb 124, Blindern, 0314Oslo, 
Norway

bulk of it is due heating and cooling (Directive (EU) 2024). 
Cooling is already responsible for the summer peak load 
in the power system and, with the heating sector seeing 
an increase in heat pump adoption, heating is on its way 
to play the same role in winter, as it is already the case in 
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Norway, for example. In the residential sector, the share 
of electricity in heating demand should grow to 40% by 
2030 and to 50–70% by 2050; in the services sector, these 
shares are expected to be around 65% by 2030 and 80% 
by 2050 (COM 2020).

However, buildings also have a large potential for flex-
ibility thanks to their slow thermal inertia, and thus offer 
the potential to be a cost-effective solution for provid-
ing the flexible demand needed to support load growth 
and maintain grid stability (Satchwell et al. 2021). As 
the majority of the building stock that will be operat-
ing in 2050 is made of buildings that are already built 
today, enabling reduced and flexible demand from exist-
ing buildings is vital for operating cost-effective and reli-
able electric grids of the future. The paths for reaching 
energy efficiency targets typically assume a significant 
increase in the energy renovation rate; however these 
rates are challenging to reach (Sandberg et al. 2016), 
making the targets unrealistic without new approaches.

Predictive control approaches for heating, ventila-
tion and air conditioning (HVAC) systems have been 
widely studied in the research community and have 
shown potential for cutting energy costs in buildings 
and enabling flexible operation. Several reviews demon-
strate the abundance of theoretical studies on different 
approaches to smart control of HVAC systems (Drgoňa 
et al. 2020; Kathirgamanathan et al. 2021; Xin et al. 2024; 
Yao and Shekhar 2021). However, a widespread adop-
tion in practice is still missing (Drgoňa et al. 2020). Blum 
et al. (2022) gives a literature review of field tests on 
commercial buildings documented in scientific literature 
between 2011 and 2021 and found 14 studies. The field 
tests demonstrate energy or cost saving in the range of 
10–70%.

However, while the reported relative savings give indi-
cations on the MPC performance, the savings are calcu-
lated based on different baseline comparisons, building 
states, HVAC systems and weather conditions, making a 
comparison across buildings challenging. Furthermore, 
Kathirgamanathan et al. (2021) points out that there is 
a strong need for benchmarking datasets besides estab-
lishing processes and toolkits that facilitate benchmark-
ing. Not having benchmarking tools makes it challeng-
ing to compare the performance and scalability of dif-
ferent data-driven techniques as the individual studies 
are presented for different buildings each having differ-
ent boundary conditions. The same need is emphasized 
by Blum et al. (2021). For benchmarking of control algo-
rithms, static databases are not sufficient, as the state of 
the building changes when the controls are applied.

Such framework is offered by the BOPTEST (Blum 
et al. 2021). To facilitate benchmarking and compari-
son of different control algorithms, BOPTEST constructs 

a standardized computational environment for building 
emulators, which exposes overwritable control points 
and available sensor points of the emulators using a 
familiar, language-independent HTTP Rest API (Applica-
tion Programming Interface). For scalability purposes, it 
was important to focus on solutions that are transfer-
able between buildings with as little tailoring as possible, 
which is often mentioned as a key barrier for a large-scale 
implementation of MPC (Bird et al. 2022). Comparative 
analysis of the algorithms resulting from the competition 
has helped in gaining a better understanding of the per-
formance and scalability of different control algorithms in 
the building domain.

The ADRENALIN project was an international project 
with a balanced consortium of a dozen partners between 
academic, research organisation and industry partners, 
mostly from Northern Europe (see ADRENALIN project 
2026 for further details), aimed at facilitating large scale 
roll-out of data services in the existing building stock 
by crowdsourcing to data challenge competitions the 
development of new algorithms. In particular, this paper 
is related to the ‘BOPTEST Challenge’: a smart building 
HVAC control challenge aimed to develop efficient and 
scalable control algorithms that can be applied in com-
mercial buildings to reduce energy consumption and 
release their flexibility potential. The algorithms perfor-
mance was evaluated through the BOPTEST platform. The 
competition winners have been engaged into a three 
month period of knowledge transfer to the sponsoring 
companies, with the aim to implement their solutions in 
real-life conditions on the digital platforms of the partner 
companies, and so test their general validity and replica-
bility, and to demonstrate real-life performance.

Donoho (2024) discusses the importance of compet-
itive challenges to drive the field of data sciences for-
ward. Two examples of building HVAC control and energy 
flexibility challenges, are the CityLearn challenges, first 
launched in 2020 (Vázquez-Canteli et al. 2020), and the 
world championship in cybernetic building optimization 
(WCCBO), first launched in 2019 (Togashi, Masato, and 
Yamamoto 2020). The CityLearn challenges are based on 
the CityLearn platform (Nweye et al. 2025), designed for 
benchmarking of reinforcement learning (RL) algorithms 
for building energy coordination and demand response 
in cities. While the initial challenge only contained static 
pre-calculated load profiles for buildings, this has later 
been expanded with long short-term memory (LSTM) 
based models to allow for flexible operation of the build-
ing heating system. However, the models, designed to 
represent residential buildings with heat pumps, do not 
include the complicated HVAC systems typically present 
in modern non-residential buildings. The WCCBO focuses 
on reducing energy consumption and optimizing the 
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indoor climate. The first competition used an emulator of 
a large office building that included models of the con-
trol and HVAC system (Togashi and Miyata 2019). The 
emulator could be run on a service and communicating 
through VPN and BACnet for real-time feedback con-
trol or locally with predefined control input sequences, 
however, only one team successfully connected to the 
server and was able to run with feedback control (Togashi, 
Masato, and Yamamoto 2020). The second competition 
focussed on control of a variable refrigerant volume (VRV) 
system (Togashi et al. 2024) and was hosted in the autumn 
of 2024. However, the lack of forecasting services makes it 
unsuited for evaluating flexibility and excludes predictive 
algorithms such as model predictive control (MPC)

This paper has a double objective: on the one hand to 
describe the process of outsourcing the development of 
smart building control algorithms via a competition and 
the lessons learned from it, as described in Section 2 and 
discussed in Section 5.2; on the other hand to present 
the winning algorithms and their results, as described in 
Section 4 and discussed in Section 5.1

2. Competition organization and rules

This section describes the conduction of the competition 
from both an organizational and a technical point of view.

2.1. Back-end simulation platform – BOPTEST

The Building Optimization Testing Framework (BOPTEST) 
provides open-source software to test, evaluate, and 
benchmark the performance of building HVAC con-
trol strategies (Blum et al. 2021), including advanced 
algorithms like MPC. The framework is comprised of a 
repository of publicly available building emulators (so-
called ‘test cases’) and a run-time environment (RTE) that 
exposes an API for users to select a test case, set up testing 
scenarios, interact with the test case by reading and writ-
ing I/O points, obtain forecasts of exogenous variables, 
such as weather and energy prices, and request calcula-
tion of a standard set of key performance indicators (KPIs). 
Users of BOPTEST for controller testing can download the 
framework from GitHub and deploy it on their own com-
puting resources, or access a publicly deployed instance 
on AWS which is managed by the BOPTEST project team 
(which we will call ‘BOPTEST-Service’).

While the competition created two new test cases not 
already publicly available as part of BOPTEST, the com-
petition made extensive use of the RTE and BOPTEST-
Service. Competition participants used the BOPTEST RTE 
and API, either locally or with BOPTEST-Service, to run 
controller tests for the competition, the practical process 
of which is described in more detail in the next section. 

Updates to BOPTEST-Service were made to allow compe-
tition administrators to make the two competition test 
cases available to users under a particular namespace
created for the competition, separate from the existing 
publicly available test cases. In addition, BOPTEST-Service 
manages multiple client requests for running tests in par-
allel by assigning and distributing a unique test ID to 
each client upon their request for deployment of and 
access to a test case. Also, an administrator-only API for 
BOPTEST-Service allows for access to simulation and KPI 
data generated during tests stored in persistent storage 
for a provided test ID. This combination of features, there-
fore, allowed competition administrators to retrieve and 
verify test results generated by participants after partici-
pants supply the test IDs used for their specific tests, as 
described in the next section.

2.2. Competition hosting

For the Adrenalin BOPTEST Challenge, CodaLab served 
as the submission and competition management plat-
form, handling the retrieval of results and the calcula-
tion of the final scores. CodaLab is an open source plat-
form designed to facilitate the organization and execu-
tion of scientific and data-driven competitions in various 
research domains, including machine learning, control 
systems, and energy management (Pavao et al. 2023).

The core workflow for participation and submission is 
shown in Figure 1. After executing their algorithms on 
BOPTEST and receiving their test IDs, participants sub-
mitted them to CodaLab. To make this submission, par-
ticipants had to organize their test IDs into an Excel file, 
which included the corresponding case name, scenario 
type, and results. CodaLab then fetched the KPIs for the 
test IDs from the BOPTEST service database, computed 
the score, according to Equations (1) and (2). These scores 
were then posted to CodaLab’s leaderboard, allowing 
participants to see how their solutions ranked in real time. 
Participants could submit partial results by leaving some 
test IDs blank, allowing them to receive feedback even if 
they had not yet completed all scenarios. However, to be 
eligible for a winning position, a valid result was required 
for all four competition scenarios.

By automating only the retrieval of results and the 
comparison of scores with the baseline, CodaLab ensured 
a streamlined competition experience while maintain-
ing fairness and transparency. This setup allowed par-
ticipants to freely develop and test their control strate-
gies in BOPTEST while benefiting from CodaLab’s struc-
tured result management and ranking system. The seam-
less integration of these platforms provided an efficient, 
scalable, and reproducible framework for benchmarking 
smart building control solutions.
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Figure 1. Workflow for participation, submission and retrieving results.

2.3. Organization

Two emulators were developed for the competition. 
The emulators are described in detail in Section 3. For 
each of the two emulators, two scenarios were defined: 
peak_heat_day and typical_heat_day. The peak_heat_day
scenarios were defined as a 14-day period centred around 
the day with the highest heating demand when running 
with the baseline controller. The typical_heat_day scenar-
ios were manually selected 14-day periods, representing 
days with typical heat demand.

The main competition was split into two stages: a train-
ing stage and a competition stage. The training stage 
lasted two months. In this phase of the competition, 
participants were allowed to download and run a com-
piled version of the emulators locally or through the 
BOPTEST service platform. The staring kit for the com-
petition, including the emulators is publicly available 
(Adrenalin 2026). Running it locally also allowed for using 
the BOPTEST-gym environment (Arroyo et al. 2021) for 
training of RL algorithms. There were no limitations in 

the generation or usage of data from the emulators to 
train the models. However, only runs through the service 
platform could be submitted to the CodaLab platform. A 
valid submission for all four scenarios during the training 
stage was required for the participants to be eligible to 
participate in the competition stage.

The competition stage lasted one week. For this stage, 
a new version of each of the emulators were made avail-
able. The boundary conditions (weather and price data) 
were replaced with another dataset. In this phase, the 
local versions of the emulators were not available, so all 
runs had to be through the service platform.

2.4. Rules and evaluation

To allow a fair and open evaluation of the submissions, 
the main ranking of the submitted solutions was fully 
quantitative, based on a predefined cost function. In addi-
tion, participants were asked to provide a qualitative 
description of their controller.
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Table 1. Description of KPIs, adopted from Blum et al. (2021).
Name Unit Description

costtot EUR/m2 Cost: operational cost associated with the HVAC energy usage. Energy ∗ price
idistot ppm∗h/zone Indoor air quality (IAQ): the extent that the CO2 concentration levels in zones exceed bounds of the acceptable concentration 

level, which are predefined within the test case FMU for each zone, averaged over all zones.
pdihtot kW/m2 Peak district heating demand: the HVAC peak district heating demand (15min).
peletot kW/m2 Peak electrical demand: defines the HVAC peak electrical demand (15min).
tdistot Kh/zone Thermal discomfort: the cumulative deviation of zone temperatures from upper and lower comfort limits that are predefined 

within the test case FMU for each zone, averaged over all zones. Air temperature is used for air-based systems and operative 
temperature is used for radiant systems.

The quantitative evaluation used a selection of the 
standard KPIs from the BOPTEST framework and weighting 
them in a total score. The description of the relevant KPIs 
is shown in Table 1 below. Details on the calculation of 
each KPI can be found in Blum et al. (2021).

The score of a controller on a single scenario i is given 
by Equation (1). The score equation contains the energy 
cost plus a peak power penalty, representing a peak 
power tariff. The energy prices for electricity and district 
heating (DH) are the same and are based on electric-
ity spot prices for the location of the building, to make 
them coherent with the local weather. However, as an 
important factor in the competition, was for the controller 
to demonstrate its ability to exploit the flexibility of the 
building, the spot price signal was modified to make it 
more volatile. For the competition stage, this transforma-
tion was performed by extracting the 4 h with the highest 
prices, and 8 h with the lowest prices for each day. The 
prices for high price and low price hours were then set 
to 0.2 EUR/kWh and 0 EUR/kWh respectively. The price for 
the remaining hours was set to the mean of the high and 
low price hours, equal to 0.067 kWh. Finally, a fixed energy 
cost of 0.025 EUR/kWh was added to all hours.

In addition, the score equation contains a penalty for 
violating the comfort constraints. The constraint viola-
tion penalties were manually tuned to ensure that the 
cost of violating the constraint is higher than the cost 
savings from reduced energy consumption, but avoid to 
high costs, that would favour robust control approaches. 
The tuning process for the thermal comfort constraint 
penalty was performed by running the scenarios with the 
temperature setpoint of the baseline controller slightly 
lower than the default. Then the thermal comfort penalty 
could be set so that the scenario score was slightly higher 
than with the default controller for all scenarios. A similar 
approach was used for the IAQ penalty, but by modify-
ing the CO2 setpoint of the demand controlled ventilation 
(DCV) controller.

The total score of a submission was then calculated 
as the sum of the difference between the scores of the 
baseline controller and submission controller for all sce-
narios, as shown in Equation (2). The baseline controllers 

are price-ignorant.

Scorei = costtot,i + 4.25× (pdihtot,i + peletot,i)

+ 0.005× tdistot,i + 0.0001× idistot,i
(1)

ScorecontrollerTotal =

4∑︂
i=1

(︂
Scorebaselinei − Scorecontrolleri

)︂
(2)

To be eligible for the prize money, the submission 
needed positive scores on all scenarios. The three partic-
ipants with the highest total score were awarded a total 
10,000 Euros each.

3. Emulators

This section describes the building emulators used for 
the Adrenalin competition. First a general overview and 
common properties between the two emulators are dis-
cussed, followed by detailed discussions of each emulator 
in separate subsections.

The two emulators were chosen and designed to be 
representative of modern non-residential buildings in 
Northern Europe. Both buildings have DH as heat source 
for a radiator based hydronic heating system and DCV. 
The idea, though not forced on the participants, was that 
the same controller approach could be used for both 
emulators.

As an important part of the competition was for the 
controllers to demonstrate exploitation of the thermal 
flexibility in the building envelope and the HVAC sys-
tem, some extra effort was put in modelling the dynamic 
response realistically. While the thermal mass of the build-
ing and the radiators are inherently modelled in the Mod-
elica components used in the BOPTEST emulators, addi-
tional piping segments were included between the heat-
ing central and the decentralized HVAC equipment. The 
piping segments also included heat loss, meaning that 
the temperature decays towards the surroundings when 
no heat is added from the heating central. This creates 
a dynamic effect with both a delay, and a time constant 
very different to the envelope, and can result in high 
peaks when the heating system is turned on. This effect 
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Table 2. Weather forecast parameters.

Name  Unit Description

TDryBul K Ambient dry bulb temperature at ground level
HGloHor W/m2 Horizontal global radiation
winDir rad Wind direction
winSpe m/s Wind speed
relHum % Relative humidity

is typically seen in buildings with DH systems (Walnum 
et al. 2025).

3.1. Forecasts

The BOPTEST framework, by default, provides forecasts 
for all weather and occupancy parameters to be used by 
external control algorithms. For the Adrenalin competi-
tion, the available parameters were reduced to a selection 
that was found more realistic for a real case. The avail-
able weather forecast parameters are shown in Table 2, no 
forecast was given on occupancy, in addition, the indoor 
temperature bounds and CO2-level limits were included 
in the forecast.

3.2. Adrenalin1 – single zone university building

The Adrenalin 1 emulator was based on a previous ver-
sion of the standard BOPTEST emulator ‘singlezone_com-
mercial_hydronic’, and has now replaced this emulator 
in BOPTEST. This emulator is based on a highly energy 
efficient university building at the University of Southern 
Denmark (SDU). Details about the real building can be 
found in Jradi et al. (2017), while details about the ini-
tial emulator model are described in Yang et al. (2020). 
The building envelope model is unchanged, but the 
HVAC system has been modified to provide more realistic 

Figure 2. Principle flow sheet for AHU in emulator 1.

behaviour and fit with the requirements of the Adrenalin 
competition. The resulting configuration and control are 
discussed below.

3.2.1. HVAC-system
The layout of the ventilation system is similar to the orig-
inal BOPTEST emulator, but the performance characteris-
tics and control of some of the components are different.

Figure 2 show a principle flow sheet for the air han-
dling unit (AHU), as modelled in the emulator. It shows 
the placement of the sensors and components and the 
control principle for the baseline controller. 

• The supply fan’s relative speed (0-1) is controlled by 
the CO2 level in the building. Minimum relative fan 
speed is set to 30% in the baseline control.

• The extract fan’s relative speed (0-1) is controlled by 
the supply air flow rate, to keep equal supply and 
extract flow. Minimum relative fan speed is set to 20% 
in the baseline control.

• The speed of the rotary wheel in the heat recovery unit 
is controlled to reach the supply temperature set point 
temperature.

• The valve on the hydronic heating battery is controlled 
to reach the supply temperature set point.

The layout of the hydronic heating system is shown 
in Figure 3. Piping segments are modelled between the 
main distribution pipes and the control valves for both 
the ventilation and the radiator circuits.

Heat is supplied by a DH system. The temperature of 
the DH is fixed to 65 ◦C. The supply temperature of the 
hydronic heating system is controlled by the flow on the 
primary side of the DH heat exchanger. The set point 
follows an outdoor temperature compensation curve.
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Figure 3. Principle hydronic flow sheet for emulator 1.

The main circulation pump sustains a fixed pressure 
across the distribution pipes. The baseline set point is 
50,000 Pa. This is also the maximum possible pressure 
difference of the pump.

The control valve of the radiator tracks the measured 
indoor temperature. The baseline controller implements 
a night setback of 3 ◦C outside operating hours. After 
night set-back, the set point is reset to 22 ◦C 2 h before 
the next operating hour (4 h on Mondays) to ensure the 
building has reached the set point temperature before 
the building is occupied again.

3.2.2. Occupancy and internal gains
The occupancy profile is based on the collected data 
described in Yang et al. (2020), with minor modifica-
tions to adjust for missing data. Internal heat gains of 
120W/person are added to the thermal zone, split into 
radiative (40%), convective (40%), and latent gains (20%). 
The internal gains from electrical equipment and light-
ing are estimated to be part of this but are not measured 
separately.

3.2.3. Inputs and outputs
Table 3 shows the available control inputs for emulator 
1. The zone temperature set point, supply temperature 
set point and zone CO2 set point, are set point inputs to 
internal PID controllers, while the rest are direct control 
signals. However, all internal actuators are modelled with 
a second order delay filter, to avoid unrealistic behaviour. 
Table 4 shows the available measurement points. In addi-
tion, measurements from an internal weather station 
were available.

Table 3. Emulator 1 available control inputs.
Description  Unit  Min  Max
AHU return fan speed control signal – 0 1
AHU supply fan speed control signal – 0 1
Zone CO2 concentration set point ppm 400 1000
Pump differential pressure Pa 0 50,000
AHU supply air temperature set point for heating K 288.15 313.15
Zone temperature set point K 283.15 303.15
AHU heating coil valve control signal – 0 1
Radiator valve control signal – 0 1
Supply temperature set point for heating K 283.15 333.15

Table 4. Measured outputs from emulator 1.
Description  Unit
AHU supply air volume flow rate m3/s
AHU extract air volume flow rate m3/s
AHU heating coil supply water temperature K
AHU air temperature exiting heat recovery unit K
AHU return air temperature K
AHU supply air temperature K
Zone CO2 concentration ppm
AHU electrical power consumption W
Pump electrical power consumption W
DH thermal power consumption W
AHU heating coil return water temperature K
Zone air temperature K

3.3. Adrenalin2 – multi zone office floor

The Adrenalin 2 emulator was based on the BOPTEST 
‘Multizone_office_simple_air’ emulator, but the HVAC 
system has been rebuilt to a hydronic heating system. 
Details about the original emulator can be found at 
the BOPTEST webpage. (https://ibpsa.github.io/project1-
boptest/docs-testcases/multizone_office_simple_air/in
dex.html.) The envelope model is a model of a single 

https://ibpsa.github.io/project1-boptest/docs-testcases/multizone_office_simple_air/index.html
https://ibpsa.github.io/project1-boptest/docs-testcases/multizone_office_simple_air/index.html
https://ibpsa.github.io/project1-boptest/docs-testcases/multizone_office_simple_air/index.html
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Figure 4. Principle flow sheet for AHU in emulator 2.

floor of an office building, divided into five zones: one 
per façade and a central zone, based on the DOE medium 
office building for Chicago IL (Deru et al. 2011). However, 
the façade construction was modified to the following: 
10mm wood, 250mm insulation and 150mm concrete.

An important modification is also the addition of 
solar shading on the façade. The shading is automati-
cally activated if the solar irradiation on the façade is 
above 150W/m2, but the position of the shading (0-
1) can be directly overwritten by the external control
algorithm.

3.3.1. HVAC-system
The floor is ventilated with demand controlled ventilation 
(DCV). The air handling unit (AHU) has a rotary wheel heat 
recovery unit, hydronic heating coil and speed controlled 
fans.

Figure 4 show a principle flow sheet for the AHU, as 
modelled in the emulator. It shows the placement of the 
sensors and component and the control principle for the 
baseline controller. 

• The supply fan’s relative speed (0-1) is controlled by 
a pressure difference input (supply pressure (Pin) – 
atmospheric pressure). Default (baseline) is 200 Pa. 
Minimum relative fan speed is set to 20%.

• The extract fan’s relative speed (0-1) is controlled by 
the supply air flow rate, to keep equal supply and 
extract flow.

• The speed of the rotary wheel in the heat recovery unit 
is controlled to reach the supply temperature set point.

• The hydronic heating battery control valve is con-
trolled to reach the supply temperature setpoint.

The supply air to the zones is controlled by individ-
ual dampers. The dampers are controlled to keep the CO2

level below the threshold. Default is 950 ppm.
The layout of the hydronic heating system is shown 

in Figure 5. Piping segments are modelled between the 
main distribution pipes and the control valves for both 
the ventilation and the radiator circuits.

Heat is supplied by a DH system. The temperature of 
the DH is fixed to 65 ◦C. The supply temperature of the 
hydronic heating system is controlled by the flow on the 
primary side of the DH heat exchanger. The set point 
follows an outdoor temperature compensation curve.

The main circulation pump sustains a fixed pressure 
lift. The baseline set point is 35 kPa. This is also the maxi-
mum possible pressure difference of the pump.

The control valve of the radiator regulates after the 
measured indoor temperature. The baseline controller 
implements a fixed set point of 22 ◦C.

3.3.2. Occupancy and internal gains
The occupancy and internal gains profiles are set with 
a fixed schedule for workdays and weekends based on 
normalized profiles from the Norwegian standard (Stan-
dard Norge 2020), but with an added Gaussian noise term 
according to the following equation:

v′ = v + ϵ · v with ϵ ∼ N (µ, σ 2) and

ϵ = min(max(ϵ,−1), 1) (3)

Where v′ is the resulting internal gains, v is the original 
normalized internal gains. ϵ is sampled from the Gaussian 
distribution N  with zero mean (µ) and variance (σ 2) of 
0.2. The sampled noise (ϵ) is truncated between -1 and 
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Figure 5. Principle hydronic flow sheet for emulator 2.

Table 5. Emulator 2 available control inputs.
Description  Unit  Min  Max
AHU return fan speed control signal – 0 1
AHU supply fan speed control signal – 0 1
Zone CO2 concentration set point [5] ppm 400 1000
Zone temperature set point [4] K 283.15 303.15
AHU supply air temperature set point K 288.15 313.15
Pump differential pressure Pa 0 15000
Supply temperature set point for heating K 283.15 333.15
Shading position for the different façades [4] – 0 1

1. For each zone, the internal gains from lighting and 
equipment and occupancy have the same relative noise. 
An important difference compared to emulator 1 is that 
the electricity consumption of equipment and lighting is 
measured and added to the total electricity consumption 
in the score function.

3.3.3. Inputs and outputs
Table 5 shows the available control inputs for emulator 
2. The zone temperature set points, supply temperature 
set points and zone CO2 set points, are set point inputs to 
internal PID controllers, while the rest are direct control 
signals. However, all internal actuators are modelled with 
a second-order delay filter, to avoid unrealistic behaviour. 
Table 6 shows the available measurement points. In addi-
tion, measurements from an internal weather station 
were available.

4. Results

This section describes the results of the competition. First, 
an overview of the submissions is given, followed by a 
description of the top three controllers, and lastly, the 
performance of the top three controllers in the final com-
petition stage is described.

Table 6. Measured outputs from emulator 2.
Description  Unit
AHU supply air volume flow rate m3/s
AHU extract air volume flow rate m3/s
AHU heating coil supply water temperature K
AHU air temperature exiting heat recovery unit K
AHU return air temperature K
AHU supply air temperature K
Zone CO2 concentration [5] ppm
AHU electrical power consumption W
Pump electrical power consumption W
Auxilary electrical power consumption W
Radiator heating power consumption W
Radiator heating energy consumption (accumulated) kWh
Ventilation heating power consumption W
Ventilation heating energy consumption (accumulated) kWh
DH thermal power consumption W
DH supply temperature K
DH return temperature K
AHU heating coil return water temperature K
Zone air temperature [5] K

4.1. Submission overview

In total, 138 participants/teams signed up for the compe-
tition. During the training stage, running from July 8th
to September 15th, 94 submissions from a total of 22 
active teams were received. Only 12 of these achieved 
a total score higher than 0, and were found eligible for 
participation in the competition stage.

In the competition stage, running from September 
23th to September 30th, 5 of the 12 participants made 
a submission, but only three of them submitted valid 
attempts for all scenarios.

Of the 5 final submissions, two (2nd and 5th) where 
heuristic based, while the three others where data-driven. 
The 1st and 3rd place use data-driven predictors to opti-
mize the energy use by the heating system (see below for 
details on the models), but use heuristic rules to control 
the actuators so that the correct amount of energy is used. 
The 4th place controller, on the other hand, uses a direct 
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mapping of the current state and future forecast to the 
room temperature setpoint, using a sigmoid function on 
a linear parametric model.

As documentation of the controllers was only required 
in the final stage, the authors have limited knowledge 
about the control methods applied by those who did not 
submit in the final stage. However, based on questions 
asked in the forum, it is known that at least 4 partici-
pants tried to apply RL based algorithms, but none of 
them made a final submission. However, in the training 
phase, they scored significantly lower than the top three 
submissions.

4.2. Top three controllers

4.2.1. 1st place
Controller 1 employs a bi-level data-enabled predictive 
control (DeePC) method (Shi et al. 2025) with efficient 
adaptive updates (Shi, Lian, and Jones 2024), built and 
updated directly from past data. Let y, u, w denote system 
outputs, HVAC inputs and external inputs, respectively. 
For any signal s at time t, let st and st1|t respectively rep-
resent the measurement and the prediction for time t1. 
Define s1t  and s1t|t as the measurement and prediction 
sequence from time t over the next 1 steps.

The controller is summarized in Algorithm 1. The pre-
diction function f (·) in (5) is a non-parametric model built 
directly from the dataset Dt . It is linear in utpt|t , making 

the DeePC (5) a linear programming problem. The adap-
tive updates in Equation (4) capture the recent build-
ing dynamics, which are generally nonlinear and time-
varying (Afroz et al. 2018). Although the dataset grows 
over time, Shi, Lian, and Jones (2024) provides a method 
to maintain fixed computational complexity. Compared 
to linear state-space methods such as system identifica-
tion, the bi-level DeePC avoids explicit state estimation 
and the need for an observer, reducing commissioning 
effort. Its effectiveness has been validated in real-world 
building control experiments. Further details are avail-
able in Shi et al. (2025) and Shi, Lian, and Jones (2024).

The above controller was applied to both emulators 
with similar configurations. Here, u was the total heat-
ing power, y contained the indoor temperatures for each 
zone, and w included outdoor temperature (TDryBul) and 
solar radiation (HGloHor). BOPTEST provided the forecast 
of w, E, Y, Y for Step 2) in Algorithm 1. For each scenario 
(peak/typical heat days), D0 was collected during the cor-
responding two weeks using a rule-based controller in 
the training stage. Due to the importance of the peak 
score in (1), Qmax was first selected via coarse grid search 
during training and then fine-tuned within a narrower 
range in the competition stage. The other parameters 
were set as: tp = 96, ti = 12, R1 = 10, R2 = 0.1, η = 0.999, 
Ts = 900 s. They were not heavily tuned, as (Shi et al. 2025) 
indicates they are limited impact on prediction perfor-
mance.

The execution of u∗t|t in Step 3) of Algorithm 1 dif-
fered slightly between the two emulators. In Emulator 
1, the AHU coil valve was set to 0, as the heat recovery 

Algorithm 1: Online operation of Controller 1
Given: initial data D0 containing T-step past sequence of y, u,w, prediction steps tp, initial measurement steps ti, 
depth L := tp + ti, regularization weights R1, R2, forgetting factor η ∈ (0, 1], power limit Qmax , sampling time Ts
1) Retrieve the most recent L-step y, u,w data, {yLt−L, u

L
t−L,w

L
t−L}. Update the dataset Dt as:

Dt = ηDt−1 ∪ {y
L
t−L, u

L
t−L,w

L
t−L} (4)

2) Obtain forecasts for wtp
t|t , energy prices E

tp
t|t , and output bounds Ytpt|t , Y

tp
t|t . Construct the bi-level DeePC as (5) and 

solve the optimal input u∗t|t .

min
y
tp
t|t ,u

tp
t|t ,δi

t+tp−1∑︂
i=t

Ei|tui|t + R1δi

s.t. ui|t ∈ [0,Qmax], yi|t ∈ [Yi|t − δi, Y i|t + δi], ∀ i ∈ t, . . . t + tp − 1.

y
tp
t|t = f (Dt , u

tp
t|t ,w

tp
t|t , R2)

(5)

3) Apply the first control input u∗t|t .
4) Wait until the next sampling time and repeat from Step 1).
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unit could not fully compensate for heat losses. During 
each sampling period, the radiator valve was toggled on 
and off such that the average heating power approxi-
mated u∗t|t . In Emulator 2, the AHU coil and radiator valves 
were not directly controllable. Instead, the pump differ-
ential pressure was toggled on/off to track u∗t|t . The radi-
ator setpoints were set to 1 ◦C above the corresponding 
zone temperatures, and the supply water temperature 
was held constant to maintain stable heating power. The 
default CO2 controller was left unchanged, as its electric-
ity usage was negligible compared to heating costs.

Lastly, limitations and potential improvements are 
noted. First, the toggling used to execute control inputs 
may increase hardware wear. This could be mitigated 
by using local controllers (e.g. new PID loops) to track 
the desired heating power more smoothly. Second, 
the default shading controller in Emulator 2 reduces 
solar heat gains. A custom shading controller could 
improve energy efficiency, but occupant comfort con-
straints related to light levels must be defined.

4.2.2. 2nd place
The controller developed for the second-place solution 
employs a heuristic and rule-based approach to opti-
mize energy efficiency in building HVAC systems while 
maintaining occupant comfort. This method leverages 
historical and current electricity and DH price data to 
make informed heating decisions, focussing on preheat-
ing the building during low-price periods and maintain-
ing comfortable temperatures during high-price periods. 
The approach minimizes the objective function, which 
balances operational cost, peak heating demand, and 
thermal discomfort, as defined in the competition’s scor-
ing criteria.

The core strategy exploits the building’s thermal iner-
tia. During low electricity price periods, the controller pre-
heats the building to a target temperature, allowing it to 
coast through high-price periods with minimal heating. It 
uses only past and current electricity prices, maintaining 
a running average or minimum over a window to clas-
sify prices as low or high. When the current price falls 
below a threshold relative to this reference, the controller 
preheats; during high-price periods, it minimizes heating 
while keeping temperatures within comfort bounds.

To manage peak heating and district demand – key 
components of the objective function – the controller 
uses two strategies. For scenarios where peak demand 
is less critical, heating cycles on and off every 5min, 
smoothing demand over 15min windows. When peak 
demand heavily impacts the score, radiator valves are set 
to a low, constant level (e.g. 0.05 for Emulator 1’s typical 
heat day), ensuring finer control. Fan operations follow 
the baseline controller, but with fans turned off when CO2

levels drop below a threshold (e.g. 500 ppm). In Emula-
tor 2, shades stay at their minimum position to maximize 
heating efficiency.

The control logic is formalized in the algorithm below, 
generalizing the approach across emulators (Adrenalin1 
and Adrenalin2) and scenarios (peak and typical heat 
days), with parameters tuned for each: 

Algorithm 2: Heuristic HVAC Control Algorithm
Initialize parameters based on scenario

for each control step do
Fetch current price and forecasts (price, 
temperature, CO2)
Update price history, compute 
reference_price:
if reference_type == ‘min’ then

reference_price← min(price_history)
end 
else

reference_price← avg(price_history)
end 
threshold← reference_price×multiplier
Set heating setpoint:
if current price ≤ threshold then

Set temperature setpoint to preheat_temp
end 
else

if building is occupied then
Set temperature setpoint to 
comfort_temp

end 
else

Set temperature setpoint to low_temp
or deactivate heating

end 
end 
Manage peak demand:
if finer control then

set valve to constant value
end 
else

if step index mod 3 ̸= 0 then
Deactivate heating

end 
end 

end 

Parameters were tuned iteratively using emulator runs. 
For Emulator 1’s peak heat day, the threshold was 1.05 
times the minimum price, with a preheat temperature of 
297 K. For its typical heat day, thresholds used 1.6 times 



12  H. T. WALNUM ET AL.

the average, with heating at 0.05. For Emulator 2, the peak 
heat day used a 1.05 multiplier and 299 K preheat, while 
the typical day used 294.5 K.

This lightweight, deterministic approach requires min-
imal data and computation compared to machine learn-
ing methods. It offers predictability and reliability, with 
potential scalability via online learning for real-time adap-
tation to varying conditions.

4.2.3. 3rd place
The controller adopted by this team is an explicit Model 
Predictive Control (MPC) controller, whose parameters 
are tuned using Bayesian optimization to maximize the 
overall performance score. For each scenario, an MPC 
controller is deployed in the simulated environment for 
a two-week period. The performance score is then evalu-
ated and provided to a Bayesian optimization algorithm, 
which updates the controller parameters to improve 
overall performance. An illustration can be found in 
Figure 6.

The MPC controller regulates indoor temperature 
within the comfort range while minimizing energy cost. 
It employs a model-based approach that uses an Autore-
gressive with Exogenous Inputs (ARX) model, trained 
using data collected from a bang-bang controller for each 
scenario. The ARX model identifies the system dynamics 
through linear difference equations, making it well-suited 
for linear time-invariant (LTI) systems. Specifically, for a 
single-input single-output system (SISO) of order three, it 
solves the following problem

min
a,b

∥e∥

s.t. yt = a1yt−1 + a2yt−2 + a3yt−3 + b1ut−1

+ b2ut−2 + b3ut−3 + et ,∀t ∈ {3, . . . , T},

where u is the system input, y is the system out-
put, a = [a1, a2, a3]⊤,b = [b1, b2, b3]⊤, e = [e3, . . . , eT ]⊤. 
For the model used in this competition, the averaged 
heating power over a 15min interval from the DH sys-
tem, the weather temperature, and the solar irradiation 

Figure 6. Illustration of the control scheme.

are chosen as inputs, while the indoor temperature is cho-
sen as the output. Once identified, the model parameters 
remain fixed throughout the operation.

Since the peak heating demand from the DH sys-
tem, primarily driven by the radiator, contributes to the 
total performance score, the radiator heating power is 
treated as the control input in the MPC formulation to 
regulate peak demand. To do so, an upper bound is 
imposed on the control input. However, since only the 
valve (Adrenalin 1) or the set point (Adrenalin 2) can be 
directly actuated, a modulation technique is employed 
to ensure that the radiator delivers the desired heating 
power, which is illustrated in Figure 7.

In Adrenalin 1, the maximum heating power of the 
radiator is estimated by fully opening the valve for 30 s 
and measuring the resulting heat output. Based on this, 
the valve opening duration is calculated such that the 
average heating power over a 15min interval matches 
the value prescribed by the MPC controller. Once this 
duration is reached within the 15min window, the valve 
is closed. In Adrenalin 2, the system is actuated every 30 s, 
and the radiator heat output is continuously monitored. 
When the accumulated energy reaches the point where 
the average heating power aligns with the MPC target, 
the radiator is turned off.

The MPC controller is parameterized for each sce-
nario, e.g. the upper bound on heating power and the 
weights in the objective function. During the training 
phase, the controller is evaluated with different param-
eters, and the resulting performance scores form the 
training dataset for Bayesian optimization. By actively 
and efficiently exploring the parameter space, Bayesian 
optimization identifies the parameter that maximizes the 
performance for each scenario. In practical applications 
where experiments cannot be repeatedly reset, an itera-
tive learning controller tuning approach can be adopted. 
Controller performance can be assessed at a chosen tem-
poral resolution, such as on a daily or weekly basis. 
Bayesian optimization can then leverage historical data to 
continuously refine the controller in real time.

4.3. Comparison of the controller performances

This section presents and discusses the results of the com-
petition. First, the overall scores are discussed, followed 
by a detailed analysis of the controllers’ behaviour.

4.3.1. Scores and KPIs
Figure 8 shows a bar plot of the total scores of the final 
submissions to the competition stage. The colours of the 
bars divide the score into the different emulators and sce-
narios. The higher bars for the Adrenalin1 emulator indi-
cate that the improvements over the baseline were larger 
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Figure 7. Illustration for modulation. (a) Adrenalin 1. (b) Adrenalin 2.

Figure 8. Total score in the competition stage.

than for the Adrenalin2 emulator. This could be due to the 
larger potential for savings in Adrenalin1 and the greater 
complexity of controlling the multizone Adrenalin2 emu-
lator. One can also see that the third-ranked solution per-
formed better than the second-ranked on Adrenalin1, but 
worse on Adrenalin2. The reason for this is at least par-
tially related to operation of the solar blinds in Adranlin2, 
and is further discussed below.

Figure 9 shows the value of the score function 
(Equation (1)) for each of the emulators and scenarios, 
disaggregated into each of the linear components. For 
each of the scenario, the scores are normalized by the 
baseline score. This shows that the relative score reduc-
tion is much higher for Adrenalin1 than for Adrenalin2. 

However, it is important to remember that for Adrenalin2, 
the auxiliary electricity consumption (lighting, plug loads, 
etc.) is included in the cost function. This reduces the rel-
ative saving potential, as these loads cannot be reduced. 
This is further detailed below.

One can observe that a key part of the cost reduction 
in the Adrenalin1 typical_heat_day scenario comes from 
reducing the peak heating demand, while for the rest of 
the scenarios, the reduction is mainly due to energy cost 
reductions. This is due to the Adrenalin1 baseline having 
a high morning peak (see Figure 11) as a consequence 
of the night setback. In the peak_heat_day scenario, on 
the other hand, the same high levels of energy use are 
sustained also during daytime, with the heating system 
operating close to its maximum capacity most of the time 
– being it the coldest period – thus leaving little room for 
shifting consumption.

We can also observe that most of the controllers intro-
duce a slight penalty due to thermal discomfort (tdis). 
However, since thermal discomfort is heavily penalized in 
the score function, the absolute deviations are small and 
likely not noticeable by the occupants. In contrary, none 
of the controllers violates the indoor air quality constraint 
(idis). Actually, none of the controllers try to exploit the 
energy saving and load shifting potential of the ventila-
tion systems, but let the baseline DCV controller work as 
normal.

Table 7 shows the absolute energy and peak costs for 
all test cases and scenarios for the baseline and top three 
controllers. As commented above, the peak cost reduc-
tion is significant only in the Adrenalin1 typical_heat_day 
scenario, where the high morning peak can be avoided by 
re-modulating the night setback baseline control. Thus, 
Figure 10 focuses only on the energy cost, breaking it 
down further into its two components: energy use and 
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Figure 9. Disaggregation of KPI scores for the scenarios, normalized by the baseline scores.

Figure 10. District heating energy use and average energy price for the different controller on all the scenarios.

average energy price; where a lower average energy price 
is achieved by shifting energy use to hours with lower 
prices. It only shows the DH related costs, as this is mainly 
what the controllers influence.

Looking at the typical heat day scenarios, it can be 
observed that for the Adrenalin1 emulator, which have 
a baseline controller with night setback, the energy cost 

savings of 55–73% is leveraged on modest energy use 
savings of 9–33% and a more significant average price 
reduction of 37–59%. Conversely, for the Adrenalin2 
emulator, where the baseline did not have night setback, 
the energy cost savings of 47–76% is leveraged on signifi-
cant energy use savings 41–66% but more modest energy 
price reduction of 9–29%.
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Figure 11. Comparison of indoor temperature (top plot) and heat use between the baseline (second plot) and the top 3 controllers (plot 
3-5) on the Adrenalin1 emulator and typical heat day scenario. Measured heat use is resampled to 15min mean. For the heat use plots, 
the price signal is shown in the background linked to the right axis.

Looking at the peak heat day scenarios, the energy sav-
ings from the smart controllers are considerably less, with 
≈0 and 3–15% for Adrenalin1 and Adrenalin2, respec-
tively, given that the heating system is already operating 
close to its full capacity in these cold periods. Neverthe-
less, their ability to shift the energy use to hours with 
lower prices is still significant with 36–44% and 34–62%, 
respectively (thus achieving 36–44% and 39–63% energy 
cost savings, respectively). This is especially interesting 
because it shows energy flexibility’s potential to improve 
the utilization of energy distribution grids.

4.3.2. Control behaviour analysis
Figure 11 presents the measured indoor temperature (top 
plot) and heat demand (separately in the four lower plots) 
for Adreanlin1, typical_heat_day scenario, for the base-
line and the top three submissions. It can be observed 
that the controllers shift energy to hours with lower prices 

and reduce the peaks. However, one should be aware that 
the heat demand is shown as a 15min average, to match 
the input to Equation (1), and that the controllers create 
significantly higher peaks at higher frequencies. The rea-
son for this can be observed in Figure 12, which shows the 
main control inputs used to control the heat, zoomed in 
on one day. All the top three controllers use a 15min inter-
val to create on/off cycles, both to ensure that the right 
amount of energy is emitted into the envelope and to 
reduce the 15min peak. This creates valve cycling, which 
can result in increased wear and tear.

For Adrenalin1, the main control input applied in the 
solutions is the radiator valve position. In addition, solu-
tion 01 and 03 forces the ventilation heating coil valve to 
be closed, which in principle means turning off the heat-
ing battery in the ventilation. In cold periods, this result in 
low supply air temperatures, which can be uncomfortable 
for the occupants.
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Table 7. Energy cost and peak cost for DH only. Values are in 
ce/m2.

Testcase Scenario Participant
Energy 
cost

Peak 
cost Total

Adrenalin1 peak_heat_day baseline 34.9 16.9 51.9
01_szwsjc 19.6 12.9 32.4
02_human 22.4 12.6 35.0

03_school_boy 21.7 11.8 33.4
typical_heat_day baseline 9.4 11.5 20.9

01_szwsjc 2.6 3.2 5.8
02_human 3.9 3.6 7.5

03_school_boy 4.2 3.1 7.3

Adrenalin2 peak_heat_day baseline 20.4 6.3 26.7
01_szwsjc 11.3 6.9 18.2
02_human 7.5 11.9 19.4

03_school_boy 12.4 11.4 23.8
typical_heat_day baseline 8.0 4.0 12.1

01_szwsjc 3.4 2.1 5.4
02_human 1.9 5.8 7.7

03_school_boy 4.3 3.1 7.4

Figure 13 shows the same measurements as Figure 11 
but for Adrenalin2. The indoor temperature is shown as 
the mean of all the zones. As the baseline controller of 
Adrenalin2 does not include a night set-back, the con-
trollers can exploit this to save energy. On the other side, 
the controllers’ ability to shift energy use to hours with 
low prices is not as obvious as for Adrenalin1. This is espe-
cially true for the data-driven approaches (01 and 03). 
Although for Adrenalin2, the baseline also contains sig-
nificant fluctuations in the heat demand, driven by the 
hysteresis control in the radiator valve models, the fluctu-
ations are still more severe in the submitted controllers. 
One can also observe that submission 02 obtains slightly 
higher indoor temperatures, while Figure 10 shows lower 
energy consumption. This is because it exploits the possi-
bility to control the solar shading, which none of the other 
two controllers do. However, it is questionable how this 
would affect occupant comfort.

Figure 14 shows also the main control inputs for 
Adrenalin2, zoomed in on one day of the peak_heat_sce-
nario. Here, one can observe that the data-driven con-
trollers (01 and 03) mainly use the main circulation pump 
as the control parameter. In Adrenalin2, the radiator valve 
position was not available as a control input, and con-
trolling the main pump is a way to control the heating 
similarly as in Adrenalin1. However, it also means that the 
5-zone building is fully controlled as a single zone. All the 
controllers use the same indoor temperature set point for 
all zones. While Figure 9 shows that the thermal discom-
fort violations are limited, there are significant variations 
in the indoor temperatures between the different zones. 
This indicates that there is potential for further energy 
savings by better control of the zone temperatures.

One can also observe that controller 03 operates the 
main pump pressure between 0 and 15,000 Pa, while the 
other controllers have a maximum pressure difference of 

35,000 Pa. This is due to a bug in the emulator design, 
limiting the external control input to 15,000 Pa, while the 
baseline controller is fixed to 35 000 Pa. Controller 01 
solves this by deactivating the control input to reset the 
pump pressure to baseline. The impact is expected to 
be limited on the control performance. One can see that 
the maximum heat output from controller 03 is higher or 
equal to the two other controllers.

5. Discussion on the competition hosting and 
outcome

5.1. Emulator design and scoring

Analysing the time-series plots above, it is clear that all 
the winning controllers create much more fluctuations 
both in set points and actuator positions. These fluctu-
ations are not optimal for the system and its compo-
nents, as they can increase wear and tear, thereby rais-
ing maintenance costs. For the competition, these are 
still considered good solutions, as there is no penalty in 
the score function for this behaviour. A KPI for actuator 
travel in BOPTEST is currently under development (Blum 
et al. 2025). This would allow for adding a penalty in the 
score function. However, it is not straightforward how to 
weight such wear and tear in a cost function. That all the 
top three solutions use heuristics in the generation of the 
control signal shows that the emulator design was able 
to highlight that modelling actuator response is a key 
challenge in data-driven control of buildings.

Another factor exploited by the controllers was that 
the evaluation of thermal comfort was based solely on 
dry bulb temperature. In Adrenalin1, this was exploited by 
turning off the ventilation heating and allowing low sup-
ply air temperatures, which can be perceived as uncom-
fortable by the occupants. In Adrenalin2, controller 02 
fixed the solar shading in the open position to reduce 
heating demand, which can lead to both local thermal dis-
comfort and blinding discomfort. Solar shading control is 
an interesting part of building HVAC control, but it is chal-
lenging to include the perceived comfort in the emulator 
models.

While the white box emulators used for the compe-
tition are able to model the known physical processes 
occurring in the building and the HVAC systems, the 
behaviour of a building is largely influenced by unknown 
and stochastic processes. The only stochastic elements 
that were included in the emulators were the occupancy 
profiles. This yields some stochasticity in the internal heat 
gains and CO2 generation, but does not include any 
stochastic behaviour from the occupants. The weather 
forecast is perfect, and there is no sensor uncertainty. The 
stochastic nature of buildings does influence predictive 
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Figure 12. Comparison of performance between the top 3 controllers on the Adrenalin1 emulator and peak heat day scenario. Zoomed 
in on one day. The top plot shows the indoor temperature while the second shows the measured heat use resampled to 15min mean. 
Plot 3–6 shows the radiator valve set point (left axis) and the ventilation heating coil valve set point for the baseline and top 3 controllers 
separately.

controller performance, and it is expected that some con-
trol approaches are more sensitive to noise than others. 
However, it is uncertain how a more realistic representa-
tion of stochasticity would influence the final results of 
the competition. There is an ongoing effort to include 
forecast uncertainty in the BOPTEST framework (Blum 
et al. 2025).

5.2. The participation and winning solutions

Based on the number of participants signing up for the 
competition (138), the number of valid submissions in 
the final stage of the competition (≈9%) is somewhat 
disappointing. There could be several reasons for the 
high dropout rate. It is assumed that a significant por-
tion of the teams signing up were mainly attracted by 
the prize money and abandoned the competition when 

understanding the complexity of participating. Scalabil-
ity of control approaches for building HVAC systems is 
a known challenge, meaning that for most developers, a 
significant effort would be required to submit a valid solu-
tion. Another reason could be the requirement to make 
the code used for the competition publicly available. With 
the necessary development effort and potential commer-
cial value, this could be a decisive factor for some. The 
dropout between the training and final stage, might also 
be explained by the fact that participants could calcu-
late their scores locally before submitting. Some partici-
pants might have been reluctant to submit their solution 
when seeing that they would not be able to compete 
for the top three positions. With the limited amount of 
valid submissions in the final stage of the competition, it 
is natural that only a limited share of the different mod-
elling paradigms applied in advanced building control 
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Figure 13. Comparison of mean indoor temperature (top plot) and heat consumption between the baseline (second plot) and the top 3 
controllers (plot 3–5) on the Adrenalin2 emulator and typical heat day scenario. Measured energy is resampled to 15min mean. For the 
heat consumption plots, the price signal is shown in the background linked to the right axis.

are represented. Since competitors were only required 
to document their solution when submitting in the final 
stage, it is not known what other approaches were tried 
by participants. However, it is known to the competition 
organizers that some RL based control attempts were 
made. The BOPTEST-Gym environment was made avail-
able for offline training of RL based algorithms in the 
training stage, without any limitations on the number of 
training data generation. Even with the extensive training 
possibilities achievable with the BOPTEST-gym environ-
ment and the offline emulator, the applied RL algorithms 
did not seem to be able to compete with the winning 
solutions.

5.3. Application of the results

One of the goals of the competition was to promote 
scalable solutions suitable for implementation in real 

buildings. However, ensuring this through competition 
design is challenging. One key design challenge was how 
to have a fair competition and mitigate the risk of cheat-
ing. It was not desirable to have rules that could not 
be enforced. Enabling the participants to run the emu-
lators offline in the training phase allowed them to train 
or tune their controllers on a much richer data set than 
normally available for real buildings. Both the data-driven 
controllers in the top three solutions generate training 
data by applying bang-bang control signals to excite the 
building. This could be challenging with occupied real 
buildings. In addition, all the participants tuned their con-
trollers by rerunning the scenarios multiple times, which 
is not feasible in reality. For the competition stage, the 
participants could not perform offline training, but there 
were no limitations on how many times they could run 
the scenarios in the time frame of the competition stage. 
For future development of the BOPTEST framework, for 
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Figure 14. Comparison of control inputs from the top 3 controllers on the Adrenalin2 emulator and peak heat day scenario. Zoomed 
in on one day. The top plot shows the indoor temperature while the second shows the measured heat use resampled to 15min mean. 
Plot 3–6 shows the indoor temperature set point (left axis) and the main pump pressure difference set point for the baseline and top 3 
controllers separately.

hosting competitions, a method for limiting the number 
of scenario simulations for each user could be relevant. 
In principle, such a limitation could be enforced through 
the hosting platform, but it would require that the partici-
pants submits the code to run the control to the platform 
instead of running it directly and submitting the test_ids. 
That means that the participant would need to submit 
their full codebase in an executable environment, such 
as a docker container (Docker 2025), which would fur-
ther increase the development demand. A key benefit 
of the BOPTEST framework is that the control develop-
ment is platform and programming language indepen-
dent. Keeping this property makes creation of Docker 
templates for the participants challenging.

6. Conclusion and future work

This study presented the design, execution, and out-
comes of the Adrenalin BOPTEST Challenge, a crowd-
sourcing effort aimed at benchmarking smart HVAC con-
trol algorithms under fair and transparent conditions. The 
competition attracted 138 participants. However, that 
only 9% submitted valid solutions for the final stage 
highlights the complexity of the task and the substantial 
development effort required to produce scalable control 
algorithms suitable for real-world deployment. The suc-
cessful completion of the competition demonstrated that 
the BOPTEST framework, together with available compe-

tition hosting platforms, is well suited for the purpose, 
enabling comparison between fundamentally different 
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control approaches. At the same time, the results high-
lighted some limitation in the emulator design and eval-
uation, including the lack of stochastic elements, perfect 
weather forecasts, simplified comfort models, and the 
absence of penalties for actuator wear.

The analysis of the submitted controllers (Section 4) 
demonstrates that data-driven and heuristic approaches 
can deliver significant improvements in energy cost and 
flexibility. Across scenarios, thermal energy cost reduc-
tions of 36–76% relative to a baseline, were achieved. 
These gains were obtained either through substantial 
energy savings (up to 66% for Adrenalin2, typical heat 
day) or by effectively shifting heating load away from 
high-price periods (up to 62% reductions in average 
energy price for Adrenalin2, peak heat day). At the same 
time, all top-ranked solutions relied on on/off cycling 
or rapidly varying setpoints, underscoring a current gap 
between competition-optimal behaviour and physically 
desirable operation.

Future work should focus on developing the competi-
tion framework to improve the usefulness of the results 
of future competitions. This includes developing more 
realistic emulators that include stochastic elements and 
uncertainties. Additionally, incorporating actuator wear 
and tear into the score function could provide a more 
comprehensive evaluation of controller performance. 
Finally, future competitions could benefit from stricter 
rules on the number of scenario simulations allowed, to 
better mimic real-world constraints in available training 
data.
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