Applied Energy 401 (2025) 126666

—

Contents lists available at ScienceDirect

Applied Energy -

ELSEVIER journal homepage: www.elsevier.com/locate/apen "—_..,

Check for
updates

Experimental evaluation of model predictive control and fuzzy logic control
for demand response in buildings

Felix Langner* @, Jovana Kovacevi¢ @, Luigi Spatafora @, Stefan Dietze, Simon Waczowicz ©,
Hiiseyin K. Cakmak ®, Jorg Matthes, Veit Hagenmeyer

Karlsruhe Institute of Technology, Institute for Automation and Applied Informatics, Eggenstein-Leopoldshafen, Germany

HIGHLIGHTS

« Real-world comparison of advanced heating controls for building demand response.

« Three identical buildings enable a reliable control performance evaluation.

« Broad comparison includes various objectives, temperature bounds, and disturbances.
« CO2 and cost savings range from 2.1 % to 33.4 % while improving comfort.

ARTICLE INFO ABSTRACT

Keywords: Energy flexibility is essential for aligning the energy demand with the intermittent electricity generation from
Demand response renewable energy sources. In the European Union, buildings account for 40 % of the final energy consumption,
Fuzzy logic -co‘ntrol thus offering significant potential for energy flexibility through load shifting, peak clipping, valley filling, and
Model predictive control flexible load shaping. While experimental studies are crucial for providing realistic estimates of cost savings,

Real experiment

Residential building comparing various control algorithms in the real world is inherently difficult. The present paper addresses this

challenge by simultaneously controlling three architecturally identical buildings with different controllers to
shift space heating in response to dynamic pricing. Model predictive control (MPC) and fuzzy logic control (FLC)
are compared to a baseline control across various experiments, encompassing different objectives, price signals,
and comfort levels. Over the course of a one-month experimental study, both MPC and FLC improved thermal
comfort while achieving cost savings ranging from 7.8 % to 33.4 % and from 4.4 % to 8.6 %, respectively. The
additional savings provided by MPC compared to FLC increase with greater price variability, indicating that
MPC is particularly advantageous in markets with high price spreads. Conversely, when prices fluctuate less, the
computationally more efficient FLC is sufficient. When minimizing costs, the MPC reduces the heating costs by
33.4 % but merely reduces the CO, emissions by 2.9 %. Consequently, focusing solely on cost minimization is
insufficient to achieve substantial emission reductions.

1. Introduction to enable the integration of waste heat from, for instance, data centers
and renewable energy resources [4].

In addition, electrifying the heat supply through heat pumps can also
contribute to the decarbonization of the heating sector [5,6]. However,
this requires that a large proportion of the electricity be generated from
renewable energy sources. The main challenge of integrating renewable
energies into the power grid is their volatile power generation, which
can be addressed by integrating flexible loads into the energy system

Buildings account for 26 % of global energy-related greenhouse gas
emissions [1], making their decarbonization essential to achieving cli-
mate goals. In particular, space heating contributes to 66 % of energy
consumption in buildings across the European Union [2], highlighting
the necessity of decarbonizing the heating sector. One strategy to facili-
tate this transition is by extending district heating networks (DHNs) [3]
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Nomenclature

Acronyms

LLEC Living Lab Energy Campus
BAU Baseline-As-Usual

DHN  District Heating Network

DR Demand Response
ECDF  Empirical Cumulative Distribution Function
FF Flexibility Factor

FLC Fuzzy Logic Control

HC Heating Curve

MPC Model Predictive Control
RBC Rule-Based Control

Parameters

y Penalty for constraint violations

Tj Upper temperature bound in °C

T, Lower temperature bound in °C
C,;; Heat capacity of the room air in J/K

Cp; Heat capacity of the floor in J/K

C,; Heat capacity of the heat accumulating medium in J/K
f Fraction of waste heat
g; Solar heat gain factor in m?

N Number of time steps in the prediction horizon
R Resistance between T, ; and T, in K/W
R

.h,;  Resistance between T, ; and T, ; in K/W

aa,j

R,n; Resistance between T,;, ; and T,, ; in K/W
tg Sample time in s
Subscripts

j Room index
k Time index

Variables

O, Emitted heat flow in W

Ol Solar radiation in W/m?

F Empirical cumulative distribution function
& Slack variables for the MPC

Pouy Heat price in ct/kWh

Tt Temperature setpoint in °C

Tqppy  Supply temperature in °C

Tomb Ambient air temperature in °C

Tir j Indoor air temperature in °C

T, Floor temperature in °C

T Heat accumulating medium temperature in °C
v; Valve opening

[7]1. The “Heat Roadmap Europe” studies project that district heating
could supply up to 50 % of the total heat demand of the EU27 states by
2050, with 25-30 % of it being supplied by large-scale heat pumps [8].
Therefore, DHNs will present a substantial potential for power flexibil-
ity. For the DHNs to provide power flexibility, incentives are required,
which are provided by Demand Response (DR) programs. These pro-
grams encourage consumers to adjust their electricity consumption in
response to dynamic prices [9]. For DHNs equipped with large-scale
heat pumps to participate in a DR program and to provide power flex-
ibly, heat flexibility is required to align the heat consumption with the
heat pump’s operation. In contrast to power flexibility, heat flexibility
refers to the ability to modify the heat demand instead of the electric-
ity demand. The DHN operator can broadcast dynamic heat prices to
incentivize the customers to shift their heat demand.

There are three different sources of heat flexibility in a DHN: (i) the
circulating water in the network’s pipes, (ii) dedicated thermal energy
storage, and (iii) the thermal mass of the buildings connected to the
DHN. A limited amount of heat can be stored by increasing the temper-
ature of the circulating water in the DHN. However, cycling between
high and low temperatures may accelerate material fatigue and poten-
tially result in pipe failure [10]. While storing heat in dedicated thermal
energy storage is simple, constructing new storage capacities requires
capital investment and suffers from heat losses. In contrast, the build-
ings connected to the DHN already exist and can be utilized for heat
storage with limited costs for control installations [11]. Consequently,
the present paper focuses on the heat flexibility of the buildings con-
nected to the DHN. In particular, shifting the heat demand is incentivized
through dynamic heat pricing. As control is the factor with the largest
influence on buildings’ energy flexibility [12], this work contributes to
answering the following research questions:

RQ1 Which control strategies unlock “energy flexibility” and to what
extent?

RQ?2 Is a simple control mechanism sufficient to achieve satisfactory
control performance, or are advanced controls required?

1.1. Related work

Two main categories of controllers are widely investigated in litera-
ture for the control of building energy systems: rule-based control (RBC)

and model predictive control (MPC) [13]. RBCs are explored for their
simplicity and computational efficiency [13], resulting in enhanced ro-
bustness and facilitating easier implementation. Conversely, MPCs are
examined for their superior performance and ability to directly consider
constraints despite requiring substantial implementation effort [14].

Foteinaki et al. [11] investigate the application of an RBC to achieve
load shifting in a building connected to district heating. Incentivized by
dynamic heat pricing, indoor air temperature setpoints are increased or
decreased, achieving cost savings of up to 15.5 %, compared to a base-
line scenario with fixed setpoints. ClauB et al. [15] apply various RBC
strategies to control an air-source heat pump providing space heating
and hot water by modifying temperature setpoints. The controls mini-
mize costs and reduce electricity consumption during peak hours with
high electricity demand. While these controls successfully reduce elec-
tricity consumption during peak hours, they fail to reduce heating costs
due to the limited variations in Norway’s dynamic electricity prices. In
a field study, Mishra et al. [16] assess the demand response potential of
a university building connected to district heating under dynamic heat
pricing. By modifying supply temperature setpoints based on current
and historical heat prices, they successfully shift loads to low-price peri-
ods without compromising occupant thermal satisfaction. However, the
absence of energy consumption measurements prevents the assessment
of potential cost savings.

Fuzzy logic control (FLC), an advanced variant of RBC, has received
attention for coordinating building energy consumption in demand re-
sponse events due to its capability of making reliable decisions with
minimal information [17]. In the fuzzy logic approach, the input data
are mapped into fuzzy membership values, and the decision is made
by activating certain IF-THEN rules based on current input signals. The
fuzziness allows for partial truth, with the solution taking values be-
tween zero and one, allowing for approximate reasoning as opposed
to precise reasoning as in classical RBCs. Keshtkar et al. [17] utilize
FLC for automated demand response, achieving energy consumption re-
ductions during peak hours in response to dynamic electricity pricing.
Similarly, Talebi and Hatami [18] evaluate achievable savings when
controlling a building’s HVAC system with FLC, reporting 15 % cost
savings from participating in a demand response program with dynamic
pricing. Overall, RBCs demonstrate the potential for considerable bene-
fits while retaining simplicity and computational efficiency. However,
they cannot guarantee constraint satisfaction and lack the ability to
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predict and anticipate [13], which has led to the exploration of MPC
as an alternative approach.

Knudsen et al. [19] experimentally evaluate MPC for demand re-
sponse in a residential building connected to district heating. Compared
to a simulated baseline, the controller saves 22.5 % of costs under dy-
namic heat pricing. In a long-term experimental study, Thorsteinsson
et al. [20] apply MPC for load shifting incentivized by dynamic electric-
ity pricing in an occupied single-family house. Cost savings of 2-17 %
are achieved compared to historical data from the previous year. In a
simulation study, Hu et al. [21] employ MPC to control the underfloor
heating system of a single room in a residential building. When consider-
ing dynamic pricing, the daily energy costs are reduced by 1.82-18.65 %
while improving thermal comfort and reducing energy consumption
during peak load times. Wei et al. [22] compare the achievable sav-
ings of MPC for two different building configurations: one with high
thermal mass and one with low thermal mass. By shifting the heating
loads to low-price periods, the controller saves 44.15 % and 13.58 % for
the heavyweight and lightweight configurations, respectively. Similarly,
Ramesh et al. [23] apply MPC to two buildings with different building
envelope performance: a modern building and an older building. In two
separate one-week simulations, the MPC achieves cost savings of up to
29.9 % for the older building and 14.8 % for the modern building, com-
pared to a proportional-integral benchmark control. Wang et al. [24]
develop a hierarchical nonlinear MPC for the price-responsive control of
a residential inverter air conditioner. During a simulation of one cool-
ing season, the MPC saves 14.3 % of electricity costs compared to the
rule-based benchmark. In an experimental study, Morovat et al. [25] ap-
ply MPC to shift the electricity consumption of heat pumps in a school
building in response to dynamic electricity pricing. Due to the substan-
tial high-to-low electricity price ratio of 15, the MPC achieves 44 %
electricity cost savings compared to the schedule-based reference. Hua
et al. [26] combine FLC and MPC for demand response in an educa-
tional building that is heated by district heating and a heat pump. The
controller achieves cost savings of 12.6 % by dynamically adjusting the
indoor air temperature setpoints in response to the dynamic electricity
price.

In summary, advanced building controls for demand response are
widely researched, and promising results have been obtained. However,
several gaps in the available literature have been identified.

1.2. Research gaps and contributions

1.2.1. Lack of real-world implementations

While the advantages of advanced control have been demonstrated
extensively through simulations, the limited number of real-world im-
plementations hinders widespread adoption [13,27]. The present paper
contributes by presenting experimental results, illustrating the benefits
of advanced control for demand response in buildings.

While it is common to present the benefits of advanced control al-
gorithms, the deployment efforts and costs are rarely discussed [28].
This has been identified as a substantial impediment to the widespread
application of advanced control algorithms [27,29]. The present work
contributes by disclosing the deployment efforts and costs.

1.2.2. Lack of reliable comparisons

Comparing different control algorithms is non-trivial, as buildings
are subject to uncontrollable factors such as weather and occupant
behavior [20], which precludes the repetition of experiments under
identical conditions. Seemingly, this obstacle appears to be solved by re-
sorting to simulations or by controlling similar rooms inside a building.
However, Pergantis et al. [28] stress that both simulations and control-
ling only a subset of a building tend to overestimate the achievable
savings. The present work addresses this challenge by controlling three
architecturally identical buildings subject to almost identical weather
and occupancy conditions, facilitated by the unique infrastructure of
the Living Lab Energy Campus (LLEC) as part of the Energy Lab [30,31]
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at Karlsruhe Institute of Technology. The issue of integrating identical
occupant behavior is managed by conducting experiments without occu-
pants, thus enabling an accurate comparison of controller performance.
However, during phases of the experiments, occupant behavior is mim-
icked by leveraging the fully automated infrastructure of the LLEC to
simultaneously operate the corresponding windows, roller shutters, and
doors across all three buildings.

1.2.3. Lack of broad comparisons

Most works in existing literature evaluate the performance improve-
ment of one particular application over a benchmark instead of assessing
a range of methods [29]. However, when developing an advanced con-
troller such as MPC, comparison with a single baseline may prove
insufficient. This is particularly relevant given that a much simpler con-
troller could realize a significant proportion of the savings achieved by
MPC. Specifically, Thorsteinsson et al. [20] observed that, in their ex-
periment, 66 % of the savings achieved by MPC could be accomplished
by simply blocking heat generation during the evening price peak.
Therefore, evaluating whether a simpler controller could obtain the ma-
jority of benefits is essential. However, due to the inherent difficulties of
comparing controllers in real experiments, advanced controllers are typ-
ically benchmarked by either simulating a baseline controller (e.g., [19])
or alternating the application of the advanced and baseline controls
(e.g., [32]). The present paper contributes by evaluating both MPC as
an optimization-based control and FLC as a rule-based control, thereby
enabling an estimation of whether the increased complexity of MPC over
FLC is justified. Furthermore, the controls are compared in multiple ex-
periments with different price signals, thermal comfort requirements,
and disturbances, thereby evaluating the controls in various settings.
The dataset accompanying the present work can be found in [33].

1.3. Structure of the present paper

The remainder of this paper is organized as follows. The experimental
buildings are presented first in Section 2. Subsequently, MPC and FLC are
introduced in Section 3. The case study used to compare the performance
of the controllers is described in Section 4. The results are presented
and discussed in Section 5. The paper is concluded in Section 6 with a
discussion and an outlook for future work.

2. Experimental buildings

The experiments are conducted in three buildings of the Living Lab
Energy Campus at Karlsruhe Institute of Technology (see Fig. 1a). The
buildings are constructed as architecturally identical two-story residen-
tial buildings with a living area of approximately 100 m2, comprising
five rooms, a kitchen, and a bathroom. The buildings’ layout is provided
in Fig. 1b.

Since the utility rooms are not accessible from the inside of the
buildings and are only used to configure the buildings’ hydraulics, they
are neglected in the remainder. The buildings are constructed in accor-
dance with the EnEV 2016 standard [34]. Accordingly, the buildings’
envelopes consist of aerated concrete with a thickness of 0.36 m and
a design U-value of 0.23 W/(m2K). The roofs, constructed from sand-
wich panels, are designed with a U-value of 0.18 W/(m?2K). The flooring
comprises 0.25 m of reinforced concrete topped with a 0.1 m layer of
Styrodur insulation and 5 cm of screed in which the underfloor heat-
ing pipes are embedded. The approximate ratios of windows to walls
for the north, east, south, and west facades are 20 %, 3.5 %, 35 %,
and 13 %, respectively. The buildings are connected to the Karlsruhe
Institute of Technology campus’s district heating and distribute the heat
via an underfloor heating system. Fig. 2 presents the hydraulic layout.

Each building receives the same supply temperature of the district
heating network TS?I;ISY which is mixed with the return water of the
underfloor heating system Tje,, to reach the desired temperature set-
point. A pump distributes the mixed water with the supply temperature

Tgupply into each of the J rooms. Each room is equipped with a valve to
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(a) The three experimental buildings. (b) The layout of the experimental buildings.

Fig. 1. The experimental buildings at LLEC at Karlsruhe Institute of Technology.
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Fig. 2. Simplified hydraulic setup of each building. Solid lines represent the
supply pipes and dashed lines the return pipes.

control the mass flow of the supply water. The buildings are equipped
with wall-mounted indoor air temperature sensors and heat flow meters
to measure the underfloor heating system’s mass flows, supply temper-
atures, and return temperatures of each heating circuit at a room level.
The indoor air temperature sensors are mounted at a height of 1.4 m.

Fig. 3 illustrates the communication flow within the experimental
buildings.

The controllers are implemented in Python and run on stationary
computers. They access locally stored price data (pp,y) and retrieve
forecasts for the ambient air temperature (7T,,;,) and the solar radia-
tion (Qq,) from the German Weather Service [35] via an application
programming interface [36]. Additionally, they read real-time measure-
ments of indoor air temperatures (7,;) from InfluxDB. Utilizing this
information, the controllers (details in Section 3) calculate setpoints for
both indoor air temperatures (Ts.ert) and the supply temperature of the
underfloor heating system (T::;ply). These setpoints are communicated
via MQTT to a Programmable Logic Controller (PLC). The PLC then re-
lays the indoor air temperature setpoints to the room thermostats and
the supply temperature setpoint to the mixing valve (see Fig. 2). Local
controllers (details in Section 3) track the temperature setpoints by ad-
justing valve openings v. Furthermore, the PLC continuously monitors
and communicates the supply temperature and indoor air temperature
measurements, which are stored in InfluxDB through MQTT.

Pbuy :

NMQTT

(...

3. Controls

Two sets are introduced for notational brevity: J =
{R1,R2, R3, R4, R5,K,B,C} is a set containing all rooms and
K ={1,2,..., N} contains the natural numbers from 1 to N, where N is
the number of time steps in the MPC’s prediction horizon. As the MPC
utilizes a sample time of 7, = 15 min and a prediction horizon of 24 h,
N equals 96 time steps. The indices j and k denote the room and time
index, respectively.

Three controls are compared: baseline-as-usual (BAU), FLC, and
MPC. All controllers are designed as supervisory controls, which write
setpoints that are tracked by local controllers. This facilitates the trans-
ferability of the developed approaches to other buildings using different
local controllers. The supervisory controllers determine two types of set-
points: (i) setpoints of the indoor air temperature for each of the eight
rooms Tasierfj and (ii) one setpoint for the supply temperature of the un-
derfloor heating system’s heating manifold T:lf;ply. The local controllers
tracking these setpoints are on/off controllers and PI controllers for the
room and supply temperature setpoints, respectively. Fig. 4 visualizes
the control architecture.

The three controllers, BAU, FLC, and MPC, differ in the information
they require. While BAU only requires information about the current
ambient air temperature, FLC also needs information about the future
dynamic prices, and MPC additionally requires the weather forecast. The
controllers aim to minimize heating costs while maintaining comfortable
indoor air temperatures. The comfortable range of the indoor air tem-
perature is indicated by room-individual and time-varying lower (T ;)

and upper (7/.,,() temperature bounds.

3.1. Baseline-as-usual control

The baseline controller aims to minimize heating energy without
considering the energy prices. The supply temperature setpoint of the
underfloor heating system is determined based on the ambient air
temperature according to the heating curve (HC) presented in Fig. 5.

The variable Ty, 1 indicates the supply temperature according
to the heating curve. The supply temperature setpoint is selected as

Fig. 3. Overview of the communication flow in the buildings. Dotted lines represent external forecasts, solid lines represent control actions, and dashed lines represent

measurements.
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Fig. 4. The supervisory control architecture of the examined controllers BAU,
FLC, and MPC.
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Fig. 5. The heating curve for BAU.
T::l;ply‘ « = Tsupply,Hcx- The room temperature setpoints are selected as

the lower acceptable temperature bounds (i.e., 75

=T ) to ensure
o 8 air,j.k = —j.k
minimal energy consumption.

3.2. Fuzzy logic control

As outputs, the FLC determines room temperature setpoints 75

air,j,k+1
and a supply temperature setpoint for the underfloor heating system
Tset for the following time step (i.e., k+1). While the room temper-

supply,k+1
ature setpoints are determined directly, the supply temperature setpoint

is selected by calculating a temperature offset (AT, to the existing
heating curve (see Fig. 5). The FLC makes decisions for each room j
based on four inputs:

1. The difference between the lower temperature bound and the
indoor air temperature e 5 to avoid underheating (Eq. (1a)).

2. The change in room temperature AT, ; within one time step,
which indicates the appearance of disturbances (Eq. (1b)). For
instance, a rapidly dropping indoor air temperature can indicate
open windows.

3. The change of the lower temperature bound within the follow-
ing six hours Ao; (Eq. (1¢)). This allows the controller sufficient
time to preheat the room, if necessary, or to decrease the heat-
ing if the room is not expected to be occupied in the following
period. Six hours are selected as the underfloor heating sys-
tem is very inert. A time horizon of six hours equals 24 time
steps, which also equals N /4 as a sample time of 15 min is
used.

4, The Empirical Cumulative Distribution Function (ECDF) of the
day-ahead heat price F (pbuy) to indicate if the price is currently
low or high relative to the future prices.

Cik = Zj,k — Tair jk (1a)
ATair,j,k = Tair,/}k - Tair,j,k—l (1b)
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Table 1

The part of the rule base is defined according to T, . The abbreviations stand
for: Z — Zero, SP - Small Positive, MP—Medium Positive, BP—Big Positive,
LB — Lower Bound. All includes all possible cases.

T Rule no. e;; AT, Ao,y Fppy), T AT,

.k air.j.k air,jk+1 supply.j.k+1

21°C 1 Zero Zero Zero Low Tep SP

2 Zero Zero Zero Avg./High Ty z

3 Zero Colder  Zero Low Typ BP

4 Zero Colder Zero High Tig SP

5 Zero Warmer Zero All Tis z

6 Zero Zero Colder All Tip Z

7 Zero Colder  Colder Low Tgp BP

8 Zero Colder  Colder Avg. Twe MP

9 Warm Zero All All Tis z

10 Cold All All All Tip BP
18°C 11 Zero Zero Warmer Low Tep SP

12 Zero Zero Warmer Avg./High Ty z

13 Zero Colder ~Warmer Low Typ BP

14 Zero Colder Warmer Avg. Tsp MP

15 Zero All Zero/Colder All Ty z

16 Hot/Cold All Zero/Colder All Tost z

17 Warm Zero Warmer Low Tsp SP

Bojp =T, ~Tnju (10
_ Z/}k+w’ if Jw : Zj,k+w—l # Zj,k+w forw e {1,2... N/4}
—N/4pk Zj,k+N/4’ otherwise

1d)

Detailed information about the membership functions is given in
Appendix A. Based on the current input information, the controller
determines the next room temperature setpoint and the normalized
increment for the supply temperature AT,y ;441 for each room in-
dependently. The maximum increment is selected to ensure that each
room receives sufficient heat, multiplied by « and added to the baseline
supply temperature T,y He, s indicated in Eq. (2).

et = Tyupply,nck + & - max (ATsup a=10 2

supply,k+1 sup) ply,j.k+1 ) 5

As the lower temperature bounds T differ between 18 °C and 21 °C
(see Table 3), two sets of rules are created. Table 1 provides an overview
of the rules for both cases.

For example, if a high heat demand is detected and the heat price
is low simultaneously, the FLC decides to heat the building strongly.
This configuration occurs for instance, if the temperature difference e; ;,
for room j at time step k is Zero, a dropping indoor air temperature is
detected (i.e., ATy ;. is Colder), no change in the lower temperature
bound occurs in the next 6 hours, (i.e., Ao k18 Zero), and the heat price’s
ECDF F( pbuy) . is Low, then the room temperature setpoint of the follow-
ing time step Tasiert,j,k+1 is Tpp, indicating significant heating. Moreover,
the controller proposes to increase the supply temperature ATgpp1y j 415
returning an increment described as Big Positive — BP. Conversely, the
controller avoids strong heating if the price signal F ( pbuy) . isHigh while
the rest of the inputs remain unchanged. In particular, the room temper-
ature setpoint is set to the lower temperature bound, while the supply
temperature is slightly increased (Small Positive) to counteract the
dropping temperature.

3.3. Model predictive control

The MPC utilizes a grey-box multi-zone model, where the thermal
dynamics of each room j are modeled as a third-order resistance-
capacitance model with capacitances for the indoor air (C,;), thermal
mass (Cp,), and the floor (Cy).
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C.. dTair,j _ Tm,j - Tair,j Tamb - Tair,j
A dt T Ry, R,,;
T — Toir )
+"R—"““’+g,~Qw1 vjieJ (3a)
ah,j
dTm j Tair j Tm j
Cpj—t = —2— vje 3b
mi Rom, jed (3b)
dTh,‘ Tair,' - Th.' .
h,j dt] =%+Qh,j VJEJ\{KaC} (30)
ah, j

The indoor air, thermal mass, and floor exchange heat via thermal
resistances R. The influence of the solar radiation Qg and the ambi-
ent air temperature T,.;, on the indoor air temperature is captured in
Eq. (3a), where the solar radiation is multiplied by a room-specific so-
lar heat gain factor g;, to account for varying window sizes. The floor
is heated with the heat flow Q, transferred by the supply water of the
underfloor heating system.

The heating pipes in the screed transport the hot supply water to
the rooms. Each of the pipes has to cross the kitchen and the corridor
until they reach their destination. Therefore, the kitchen and the cor-
ridor receive substantial waste heat, which is not captured in Eq. (3c).
Consequently, Eq. (3c) is replaced in the models for the corridor and
kitchen with

ir,j — T;

dhy; Ty hj o
C ; b/ = —J —+ .+
h,j dt Rah,j Qh»/

Y fiOne ViE(K.CH @

neJ\{K,C}

where, e.g., fk g; is an identifiable parameter representing the fraction
of waste heat flowing into the kitchen if the room R1 is heated. The
Egs. (3a)-(4) can be reformulated into a time-discrete state-space system
using a zero-order hold discretization according to

X;41 = Ax; +Bu, (5a)
Vi = Cxy (5b)
where the state vector x = [Ty pisTmrtsThrts--»Thel | contains

the temperatures of each room model, the output vector y =
[Thirr1s - > Tair,C]T represents the indoor air temperatures of each room,

and the input vector u = [Qy gy, .-, Op.c: Ty Q'Sol]T contains the heat
flows supplied to the underfloor heating system in each room and the
weather conditions. k denotes the time step. The parameters R, C, g,
and f are optimized based on measurement data. Details are provided
in Appendix B.

While the resistance-capacitance model uses the heat flows Qy, as
input, the MPC can only indirectly influence Q, by setting tempera-
ture setpoints for the lower level controllers, which control the valve
openings and thereby the supply temperature and the indoor air temper-
atures. Therefore, the heat flows O}, have to be mapped to temperature
setpoints. The knowledge that the lower level controller monitoring the
room temperatures either fully opens or closes the valves (see Fig. 4)
can be leveraged by introducing

v, €(0,1) VjeT 6)

where the binary variable v; describes if the valve in room j is closed

(v; = 0) or open (v; = 1). Since no heat flow is emitted when the valve
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is closed, the required mapping can be expressed as

0 {0’
b =
! M (Tupply)s

where m; is a function that maps the supply temperature to the emitted
heat flow for each room ;. Selecting m; as linear functions was found
to be sufficiently accurate while enabling a quick optimization. Detailed
information about the data collection, model identification, and model
validation results for the thermal building model and m; can be found
in Appendix B.

The model predictive controller is formulated as

U}?in (Z Z (Pouyk = Onjuc +7 - |§j,k|2)) ®)

upply \ ek jeJs

ifv; =0

ifujzl

)

subject to
equations (5a) — (7)
Zj,k - éjA,k < Tair,j,k < 7j,k + éj,k Vk e ]C! Vj eJ (9)

where the objective function Eq. (8) minimizes the heating cost and
penalizes violations of the constraint Eq. (9). The non-negative slack
variables ¢ are required to guarantee the feasibility of the optimization
problem if the constraint (9) cannot be satisfied. For a sufficiently high
value of y, this forces the MPC to maintain the indoor air temperatures
within comfortable bounds, characterized by minimum (7") and max-
imum permitted temperatures (T).In a post-processing step, a valve
opening of v = 0 is mapped to a setpoint of the room thermostat of
T3 =18 °Cand v = 1 is mapped to T3¢ = 24 °C, as 18 °C and 24 °C are
the lowest and highest temperature bounds throughout the experiments
(see Section 4). The supply temperature setpoint is set to the supply

temperature as optimized by the MPC (i.e., TS T,

supply = UPPIY)'

4. Case study

The experiment aimed to investigate the performance of FLC and
MPC under various conditions. The experiment was conducted over a
four-week period from Dec. 22, 2024, to Jan. 19, 2025, and from Feb. 14
to 16, 2025, encompassing five different experiments. The experiments
differ with respect to their objectives, price signals, permitted ranges for
indoor air temperatures, and disturbances. In addition, a period called
“Energy comparison” was conducted to ensure that the buildings be-
haved sufficiently similarly for a valid comparison. Table 2 provides an
overview of the experimental schedule.

To minimize differences between the buildings, all interior doors are
closed in each building, and all electrical devices (such as computers) are
turned off. During experiments 1, 2, 3, and 5, the roller shutters of the
west facade for the western building and the east facade for the eastern
building are closed to minimize solar radiation gains that the central
building does not receive. Conversely, during experiment 4, the roller
shutters are opened to allow for ventilation during window operation.

4.1. Objectives and price signals

As objectives, cost minimization and CO, minimization are consid-
ered. In contrast to dynamic electricity prices, dynamic heat prices are

Table 2
The experimental schedule. “Bounds” refers to the lower and upper bounds for the indoor air temperature.
Dates Objective Varying bounds Disturbed Price signal Days
Experiment 1 Dec. 22 - 28 Cost minimization No No Variable 1-7
Experiment 2 Dec. 30 - Jan. 05 Cost minimization Yes No Variable 1-7
Experiment 3 Feb. 14 -16 Cost minimization Yes No Variable + constant 4-6
Experiment 4 Jan. 10 - 12 Cost minimization Yes Yes Variable + constant 4-6
Experiment 5 Jan. 15 -19 CO, minimization No No — 3-6

Energy comparison Jan.6-9 —
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Fig. 6. The price and CO, signals used throughout the experiments.

not yet established. Therefore, electricity spot prices are selected as the
basis for the price signals, even though the buildings are connected to
a DHN. The week from Dec. 2 to Dec. 8, 2024 is selected as it includes
days with large and minor fluctuations in the electricity price.

Two distinct price signals are evaluated: “variable” and “vari-
able + constant”. The price signal “variable + constant” is derived from
a currently available tariff in Germany provided by tado [37], wherein
a substantial portion of the electricity price is fixed to account for grid
charges and taxes, while only a part of the electricity price varies accord-
ing to the spot market price. However, recent legislation in Germany
stipulates that starting from April 2025, grid charges can also vary
throughout the day [38]. Specifically, the charges are lower during times
of low demand and higher during peak times to incentivize load shift-
ing. Consequently, the price signal “variable”, only consists of the spot
market price to assess the effect of a fully dynamic pricing scheme. Both
price signals are rescaled such that the average price equals the current
price of the district heat in Karlsruhe, Germany, obtained from Ref. [39].

The CO, signal is derived by calculating the emissions based on
the operating power plants retrieved from the German federal grid
agency [40] and their corresponding CO, emission factors, obtained
from IPCC [41]. To calculate the CO, emissions per kWh heat, rather
than per kWh electricity, the signal is divided by 2.7, representing the
coefficient of performance of the large-scale heat pump supplying the
DHN in Mannheim, Germany [42]. Fig. 6 presents the price and CO,
signals. The column “Days” in Table 2 indicates which section of the
price signals was applied during the respective experiments.

4.2. Temperature bounds

Two configurations of the allowable temperature bounds are used in
the experiments. First, the lower and upper temperature bounds for all
rooms are consistently set at 21 °C and 24 °C, respectively. This config-
uration clearly separates the controllers’ preheating due to low energy
prices from preheating because the controllers anticipate an increase in
the lower temperature bound.

In the second configuration, room-individual and time-variant tem-
perature bounds are applied to each room based on their intended
use (e.g., bedroom, kitchen). For this purpose, an occupancy schedule
is retrieved from Ref. [43], distinguishing occupant presence between
“home”, “away”, and “sleep”, and differentiating between weekends and
weekdays. Table 3 presents the lower and upper temperature bounds for
each room and occupant presence, and Table 4 details the schedule for
the occupancy presence.

4.3. Disturbances

Introducing identical disturbances to emulate occupancy while still
ensuring comparability between the three buildings is achieved by uti-
lizing the fully automated infrastructure of the experimental buildings.
The windows are opened in the morning and evening to ventilate the
rooms. At night, the roller shutters are automatically lowered, and the

Table 3

Room use and associated temperature constraints.
Abbreviation Room T/T: sleep T/T: home T/T: away
R1 Dining room 18/24 °C 21/24 °C 18/24 °C
R2 Living room 18/24 °C 21/24 °C 18/24 °C
R3 Children’s room 1 18/22°C 21/24 °C 18/24 °C
R4 Children’s room 2 18/22 °C 21/24 °C 18/24 °C
R5 Bedroom 18/22 °C 18/24 °C 18/24 °C
K Kitchen 18/24 °C 21/24 °C 18/24 °C
B Bathroom 18/24 °C 21/24 °C 18/24 °C
C Corridor 18/24 °C 18/24 °C 18/24 °C

Table 4

Schedule for the occupancy presence.

Home Sleep Away

Weekday 6-8 am, 5-11 pm 11 pm-6 am 8 am-5 pm
Weekend 6 am-11 pm 11 pm-6 am -

internal doors are securely closed. In the morning, the internal doors
are opened and the roller shutters are raised. The internal doors re-
main open throughout the day to increase the difference from the other
experiments in which the doors are closed. A detailed timeline of the
introduced disturbances is provided in Appendix C.

4.4. Evaluation metrics

The control performance is evaluated using three metrics: energy cost
Cenergy» Flexibility Factor FF, and daily room-average thermal discom-
fort d. The discomfort has to be considered to ensure that the controllers
do not achieve low costs by insufficiently heating the buildings. The FF
has been proposed by Ref. [44] and describes the ability of the controller
to shift the heat consumption from times with high prices to times with
low prices. The factor ranges from —1 (i.e., only heating in high-price
periods) to 1 (i.e., only heating in low-price periods). In this work, the
FF is evaluated for each individual day, and prices in the first and fourth
quartiles are considered as “low” and “high” based on [44]. If the con-
troller heats equally during low and high price periods, then FF = 0.
The metrics are calculated as

Cenergy = Is z Z Pouy k * Qh,j,k 10$)
kek jer
FF kKo Oni — ZkElChigh On an
Zkelclow On + ZkelChigh On
: M
4= B L (12)

j=1 k=
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Table 5
Energy consumption during the experiment “Energy comparison” from Jan. 06
- 09.

Energy consumption Difference Orientation Control
Building 1 129.3 kWh — West BAU
Building 2 129.7 kWh +0.3 % Center MPC
Building 3 122.7 kWh -51% East FLC
Zj,k - Tair,j,k if Tair,j,k < Zj,k
e = Tairju = Tjx i Tairju > T 13)
0 else

where 1 is the sample time. The energy cost cepergy is calculated as the
sum of the room-individual heat consumption multiplied by the current
heat price. For the calculation of the FF, time steps with low and high
prices are contained in the sets Kj,,, and Kp;gp, respectively. The heat
flow Oy, is the total heat flow utilized by the building. When minimiz-
ing CO, emissions, the FF is applied analogously, except that the price
signal is replaced with the CO, signal. The daily room-average thermal
discomfort d is calculated as the magnitude of the temperature bound
violation in each room times the duration of the violation. M refers to
the number of time steps in the respective experiment, N is the number
of time steps in a day, and J is the number of rooms.

5. Results and discussion

For a reliable performance evaluation, it is essential that the three
buildings behave sufficiently similarly. This was examined in the ex-
periment “Energy comparison” (see Table 2), in which each building
received identical supply temperature and room temperature setpoints
of 40 °C and 21 °C, respectively. Table 5 presents the resulting energy
consumption of each building. For a visualization of the buildings, please
refer to Fig. la.

Notably, Buildings 1 and 2 consumed almost identical energy quan-
tities. However, Building 3 consumed 5.1 % less energy despite being
architecturally identical. Presumably, this is caused by wind effects, as
this period was characterized by heavy southwest and west winds. Due
to the orientation of the buildings, this predominantly affects Building
1, which wind-shadows Building 2, but both of these buildings, in turn,
wind-shadow Building 3. This hypothesis is supported by data collected
from Dec. 25 and Jan. 16-17, during which only minimal wind occurred,
and all three controllers applied very similar control actions. During
these periods, the differences in energy consumption among the three
buildings remained below 1 %, supporting the hypothesis that wind
conditions caused the discrepancies. Given that the wind speeds dur-
ing the experiments 1-5 were significantly lower than in the experiment
“Energy comparison”, the buildings are considered to behave sufficiently
similarly. Detailed time series data of wind speed and wind direction can
be found in Appendix D.
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5.1. Demonstration of controller behavior

The similarities and differences between the controllers are visual-
ized in Fig. 7 by presenting data from a single representative day.

BAU maintains the room temperatures at the lowest possible level
to save energy while disregarding the current price signal. In contrast,
the heat consumption of the buildings controlled by MPC and FLC is
shifted to periods with low energy prices, indicated by strong heat-
ing and thus increasing room temperatures (e.g., between 00:00 and
06:00). However, while FLC uniformly preheats all rooms, MPC utilizes
room-individual models and, therefore, controls each room differently.
For instance, rooms R1 and R3 are small rooms with a large window
area and, thus, greater heat losses than other rooms. This informa-
tion is implicitly contained in the room models, and accordingly, the
MPC preheats these rooms less pronouncedly to avoid large heat losses.
Furthermore, the FLC only preheats to around 22 °C, while the MPC
preheats much further, reaching 23.5 °C. At the end of the day, MPC
and FLC preheat the building as they anticipate increased prices the fol-
lowing day. Notably, the MPC incurs the highest peak loads, potentially
endangering thermal fairness in DHNs, which should be compensated
by appropriate communication with the network operator.

For a more detailed analysis, Fig. 8 and Fig. 9 present the indoor air
temperatures and room-level heat flows for rooms R2 and R4 across all
controllers during experiment 2.

A distinct difference between FLC and MPC is the timing of the
preheating. The FLC begins to preheat the building six hours before
the lower temperature bound increases and prevents preheating be-
yond 22 °C. While this helps the FLC to avoid violations of the upper
temperature bound, it also limits its savings potential. In contrast, the
MPC considers the upper temperature bound when making control de-
cisions. Consequently, for the rooms in which the upper temperature
bound is lowered to 22 °C at night, the MPC schedules the heating
such that temperatures do not exceed 22 °C at night but are raised
higher as soon as the upper temperature bound is relaxed at 8 am (see
Fig. 9). Consequently, the MPC can simultaneously satisfy temperature
constraints and utilize the building’s flexibility. Nonetheless, preheat-
ing is only cost-effective if the energy prices fluctuate sufficiently. On
Jan. 02, the energy prices remain almost constant, making preheating
economically disadvantageous as it increases the heat losses. Both FLC
and MPC recognize this and, accordingly, track the lower temperature
constraint to conserve energy and, thereby, cost (see Fig. 8 and Fig. 9).

The experimental results of experiment 4’s first day (Jan. 10, 2025)
are visualized in Fig. 10.

The window opening is clearly reflected in the sudden temperature
drops, for instance, around 6 am. Consequently, all controllers increase
the heating to restore the indoor air temperatures to a comfortable
level once the windows are closed. The MPC’s thermal model of the
kitchen (see Eq. (4)) contains the information that the kitchen receives
waste heat when the other rooms are heated. When the windows are
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Fig. 7. Indoor air temperatures, total heat flow and price signal for each building on Dec. 22, 2024, during experiment 1.
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Fig. 10. Experimental results of Jan. 10, 2025, during experiment 4. Room R5 is visualized separately since it utilizes temperature bounds different from those of the

other rooms.

opened, the temperature in the kitchen drops below the lower tempera-
ture bound, which is heavily penalized in the MPC’s objective function
(see Eq. (8)). Consequently, the MPC heats room R5 to utilize its waste
heat in the kitchen, which is visible around 6 am as an increase in the
temperature of R5. This behavior is technically optimal, considering
the heavy penalization of temperature constraint violations. However,
it is an undesirable artifact of the modeling approach, which has been

removed for the remainder of experiment 4 by setting the fraction of
waste heat of R5 to zero.

5.2. Cost and CO4 savings

Fig. 11 depicts the savings of FLC and MPC with respect to BAU for
all five experiments. While both control strategies consistently achieve
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Fig. 12. Boxplots of the daily Flexibility Factors for all experiments and controls. Experiments using the same price signals are arranged in subplots.

cost/CO, savings in each experiment, the magnitude of the savings
ranges from 2.1 % to 8.6 % for FLC and from 7.8 % to 33.4 % for MPC.
The results of different experiments are not directly comparable because
they ran for different durations (see Table 2) and due to varying weather
conditions. Therefore, the focus is on comparing the controllers within
each individual experiment. Nevertheless, the trend of declining savings
from experiment 1 to experiment 4 is evident.

Considering experiments 1 and 2, two apparent differences between
FLC and MPC exist. First, MPC achieves considerably higher savings of
33.4 % (~12 EUR) compared to 7.4 % (~3 EUR) in experiment 1 and
18 % (~6 EUR) compared to 8.6 % (~3 EUR) for experiment 2. Second,
the savings of MPC decrease substantially from experiment 1 to exper-
iment 2, while the FLC’s remain stable. The differences are due to two
distinct aspects between FLC and MPC: (i) the FLC only utilizes infor-
mation about the current price in relation to the future prices without
considering the absolute price value, and (ii) the FLC preheats the build-
ing at maximum to 22 °C, whereas the MPC is only limited by the upper
temperature bound. Thereby, the MPC can save more cost by utilizing
more of the building’s flexibility by preheating it more pronouncedly.
However, in experiment 2, the upper temperature bounds for rooms R3,
R4, and R5 are lowered to 22 °C at night to prevent excessively high bed-
room temperatures. This coincides with the times of low energy prices.
Consequently, the usable flexibility of the building is reduced as the
controllers cannot preheat these rooms further than 22 °C, ultimately
decreasing the cost savings. However, since FLC does not preheat the
building beyond 22 °C, it is barely affected, while MPC’s cost savings
are almost halved due to this reduced flexibility (see Fig. 11).

Both controllers achieve lower savings in experiments 3 and 4 than in
experiments 1 and 2 since the underlying price signal shows less spread
(see Fig. 6), which decreases the savings potential. The price spread
refers to the price difference between low and high prices. Furthermore,
temperature drops caused by window openings in experiment 4 force all
controllers to increase heating to restore the indoor air temperature to
comfortable levels regardless of the price. This further reduces the sav-
ings of FLC and MPC in experiment 4. Notably, in experiments 3 and 4,
the performance difference between FLC and MPC is significantly lower
than during experiments 1 and 2. This can be attributed to the MPC’s
lower preheating temperatures than in experiments 1 and 2 in response

10

to the reduced spread of the price signal. Therefore, the behavior of FLC
and MPC is more similar, reducing the performance difference.

Similarly, the savings for experiment 5 are lower than for experi-
ments 1 and 2, as the CO, signal shows less spread than the “variable”
price signal. However, the performance difference between FLC and
MPC is larger than for experiments 3 and 4 since the same tempera-
ture constraints as in experiment 1 are applied (see Table 2), which
offers more flexibility than the temperature constraints of experiments 2,
3, and 4, which the MPC can leverage through substantial preheating.
In summary, both controllers consistently achieve savings in all exper-
iments. While the MPC saves more cost, the achieved savings depend
more on the flexibility potential, such as the price spread and the per-
mitted temperature range. The success of the controllers in leveraging
flexibility is evaluated using the Flexibility Factor.

5.3. Flexibility factor

Fig. 12 presents the daily FFs for all experiments and controls.

The FFs for BAU remain close to zero, indicating that BAU consumes
as much heat during high-price periods as during low-price periods. This
is to be expected, as BAU does not utilize price information. Conversely,
the FFs for MPC and FLC are positive, indicating that both controls con-
sume more heat during low than high-price times. Nonetheless, the FFs
for MPC are substantially greater than those for FLC. Across all exper-
iments, MPC achieves a median FF of 0.66, FLC of 0.17, and BAU of
—0.04. In experiment 1, MPC achieves a median FF of 0.74 compared
to a median FF of 0.20 for FLC. As discussed in Section 5.2, the tighter
air temperature bounds imposed in experiment 2 reduce the flexibility
potential, resulting in the more similar performance of FLC and MPC
compared to experiment 1. This is also reflected in more similar FFs
as MPC achieves a median FF of 0.63 and FLC of 0.27 in experiment 2.
The same holds for experiment 4, where window openings force the con-
trollers to heat during high-price periods to restore thermal comfort. This
reduces the load shifting potential and, consequently, the FFs, which is
particularly pronounced for MPC. Notably, under FLC, several days with
negative FFs occur, indicating that more heat is consumed during peri-
ods with high prices than with low prices. In contrast, this only occurs
for a single day under the MPC.
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Fig. 14. Histograms of the measured supply temperatures for each controller
across all experiments.

Both control strategies achieve their lowest FFs in experiment 5 when
aiming to minimize CO, emissions. This is due to the more stable trend
of the CO, signal compared to the price signals (see Fig. 6). For instance,
on “Day 4”, the CO, signal continuously declines throughout the day.
Consequently, to achieve high values of the FF, heating has to be de-
ferred to the end of the day, which is infeasible as thermal comfort must
be ensured. In contrast, the price signal tends to decline or increase only
for multiple hours but not entire days (see Fig. 6), whereby preheating
can be used to avoid heating during high-price periods.

Solely focusing on cost savings and the FF does not provide a com-
plete overview of the control performance since low costs can also be
achieved by insufficient heating. Therefore, thermal discomfort also has
to be considered.

5.4. Thermal discomfort

The thermal discomfort is quantified by the integrated and room-
averaged lower and upper temperature bounds violations and is pre-
sented in Fig. 13 for all experiments and controllers.

Under the ideal conditions of experiments 1, 2, 3, and 5, both FLC
and MPC almost completely eliminate thermal discomfort. In experi-
ment 4, temperature constraint violations are inevitable as windows are
opened. Nevertheless, the thermal discomfort experienced in buildings
controlled by FLC and MPC is approximately 30 % lower than that of
the BAU. This reduction is achieved as FLC and MPC increase the supply
temperature to quickly restore the indoor air temperature to an accept-
able level. In contrast, the supply temperature selected by BAU is bound
to the heating curve. Fig. 14 visualizes the distributions of the different
supply temperatures selected by the controllers.

Notably, MPC predominantly selects high supply temperatures, as it
preheats the building at maximum capacity while the energy prices are
low. Similarly, FLC also selects higher supply temperatures than BAU,
as it computes a correction factor that increases the supply temperature
obtained from the heating curve when energy prices are low or when
heating is required.

While experiments 1-4 focused on cost minimization, which is es-
sential to facilitate a widespread application of advanced control, the
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control should eventually also reduce greenhouse gas emissions. This is
explored in experiment 5.

5.5. Comparison between cost and CO, minimization

Fig. 15 compares the experimental results of room R4 in the experi-
ments 1 and 5 for the MPC.

While the price and CO, signals show similar trends, they do not
consistently align. For instance, at the beginning of “Day 3”, the price
signal is low and increases during the day, while the CO, signal remains
comparatively high and mostly stable during the day. Consequently, the
controller selects different heating strategies by heating the building
substantially at the beginning of “Day 3” for experiment 1, whereas in
experiment 5, the heating is deferred to the afternoon. Notably, while
the MPC achieves 33.4 % of cost savings in experiment 1, it only reduces
the CO, emissions by 2.9 %. This highlights that solely prioritizing cost
minimization fails to fully leverage the potential for reducing emissions.

5.6. Cost estimation of the control implementation

The costs for implementing the presented advanced controls com-
prise three parts: hardware, software, and labor.

Both the FLC and MPC were executed on desktop computers. The
computer executing the FLC is equipped with an Intel Core i7-10700 K
CPU@3.80 GHz and 32 GB RAM, while the computer running the MPC
features an AMD Ryzen 9 5900X CPU@3.7 GHz and 64 GB RAM.
Executing FLC and MPC involves reading the current room air tem-
peratures, computing the new temperature setpoints, and writing these
setpoints to the building. This process, which is repeated at every time
step, takes approximately 15 s for the FLC and 60 s for the MPC.

Further, FLC and MPC require eight internet-connected indoor air
temperature sensors (€110 each) and eleven actuators (€15 each) to ad-
just valve openings in the rooms. Additionally, one actuator is required
to control the supply temperature (€100), along with a PLC to manage
sensor and actuator communication (€1200).

MPC requires eleven additional heat flow meters to measure room-
individual heat flows for model identification (€330 each). However,
as these are only necessary for model identification and not dur-
ing regular operation, reusable clamp-on heat flow meters can be
utilized. When deploying advanced control at scale, the cost per build-
ing for these reusable meters decreases significantly. Alternatively,
heat-measurement-free model identification methods can also reduce
implementation costs [45].

Regarding software implementation, MATLAB has been used for
model identification, and Python for control development and execu-
tion. Data storage is facilitated through InfluxDB, and communication
with actuators is managed via MQTT. While a MATLAB license for
non-academic use currently costs €2345, it can easily be replaced with
the free, open-source programming language Python. Furthermore, ac-
cessing the weather forecasts from the German Weather Service via an
application programming interface is free of charge [36].

The hardware and software setup used in the present study is pro-
vided by a research building that is well-equipped with numerous
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Fig. 15. Comparison of cost minimization (experiment 1) and CO, minimization (experiment 5) for the MPC in room R4.

sensors for detailed validation of the developed control strategies. When
retrofitting a residential building, utilizing smart thermostats is a more
cost-effective approach. These thermostats can measure the room air
temperature, track temperature setpoints, store the collected data, and
offer an application programming interface for communication. This
considerably reduces the implementation requirements by eliminating
the need for additional indoor air temperature sensors, valve actuators,
InfluxDB, MQTT, and the PLC.

The development and deployment of the FLC and MPC required ap-
proximately 125 person-days of labor. This includes 55 person-days of
preparation, which involved sensor validation, concept development,
and creating and interfacing databases. Additionally, 20 person-days
were spent on model identification (just for MPC), 40 days on developing
the controller software (for FLC and MPC), and 10 days on deploying and
tuning the controllers (for FLC and MPC). Notably, the building was al-
ready equipped with sensors, actuators, and a communication interface,
which reduced labor requirements. We expect that future implementa-
tions of advanced building controls will require significantly less time,
as the developed software can be largely reused.

6. Conclusion

The present work compares fuzzy logic control (FLC) and model
predictive control (MPC) against a baseline (baseline-as-usual (BAU))
in a four-week experimental study. By controlling three architecturally
identical buildings in a real-world experiment, each with a different
controller, the controllers’ performances can be directly evaluated un-
der nearly identical conditions. Three metrics are selected to evaluate
the control performance: the Flexibility Factor (FF), heating costs, and
thermal discomfort. The controls aim to minimize heating costs and
CO, emissions in response to dynamic pricing. Various experiments are
conducted, encompassing different price signals, comfort bounds, and
emulated occupant behavior.

The findings show that both FLC and MPC can activate their build-
ings’ energy flexibility to shift heat demand from high-price periods to
low-price periods, as indicated by higher values of the FF compared to
the benchmark. However, the FFs are substantially greater for MPC than
for FLC, with median FFs of 0.63 and 0.17, respectively. Consequently,
the MPC can utilize the buildings’ flexibility potential to a larger ex-
tent. When minimizing CO, emissions, both controllers obtain lower
FFs than when minimizing heating costs. This is attributed to the more
stable trends of the CO, signal compared to the price signals. By success-
fully using the buildings’ energy flexibility, FLC and MPC consistently
save heating costs across all experiments. Specifically, cost savings for
MPC range from 7.8 % to 33.4 % and for FLC from 4.4 % to 8.6 %.
In addition, both control strategies achieve comparable and substantial
improvements in maintaining a comfortable indoor air temperature.
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Although MPC realizes greater cost savings, it strongly depends on
the existing flexibility potential, such as the price spread and the per-
mitted temperature range for the indoor air temperature. In particular,
in experiments with low price spreads, the additional savings offered
by MPC over FLC do not appear to justify the increased implementation
complexity. In contrast, the MPC achieves substantially greater savings
in experiments characterized by either high price spreads or high flex-
ibility potentials. Consequently, investing in MPC is advantageous in
markets with high price spreads and in applications with substantial
flexibility potential.

Increasing the share of renewable electricity generation reduces both
the spot market price of electricity [46] and the CO, emissions per unit of
electricity generated [47], compared to fossil fuel generation. However,
when minimizing cost, the MPC reduces CO, emissions by only 2.9 %
while saving 33.4 % of costs. Consequently, focusing solely on cost
minimization is insufficient to achieve substantial emission reductions.

In the present study, the heat pump supplying the district heating
network is modeled with a constant efficiency. If the efficiency were
to vary, the controllers would need to balance thermal comfort, energy
costs, and heat pump efficiency. Varying efficiency would likely increase
price variability and, consequently, the differences between the MPC
and FLC.

The FLC applied in this work does not raise the indoor air tempera-
tures beyond 22 °C. While this prevents the controller from compromis-
ing thermal comfort by overheating, it also limits the flexibility potential
and, thereby, the achievable savings. Future work will explore modi-
fying the FLC to maximize flexibility while ensuring thermal comfort.
Further, the present work focuses on accurately comparing the perfor-
mance of various controllers for individual buildings, emphasizing the
achievable savings. While savings are central to encouraging consumers
to adopt new technologies, uncoordinated responses to dynamic prices
can stress the electricity grid [48] when employing electric heating sys-
tems or could jeopardize thermal fairness in district heating networks.
Consequently, future work will develop and evaluate control strategies
that manage the experimental buildings while coordinating them to
account for grid constraints.
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Appendix A. FLC design

All input and output membership functions are depicted in Fig. A.16,
where yu represents the degree of the membership of the corresponding
input value. The inputs are presented in plots Fig. A.16 (a) — (d) and
the outputs in (e) and (f). The change of the lower temperature bound
Fig. A.16(c) is presented with three triangular membership functions, as
the lower temperature bounds T differ only between 18 °C and 21 °C
(i-e., + 3 K). Membership functions of the control signal AT, ;, de-
picted in Fig. A.16(f), have only positive output values since the baseline
supplied water temperature is only increased if necessary for achieving
the next set-point temperature Tasi‘*rfj. In Fig. A.16(e), T, is not presented
but is utilized when the room is not occupied, i.e., Zj = 18 °C and is
defined as a triangular function between 17.5 °C and 18.5 °C with a
peak at 18 °C, without the intersection with the rest of the membership
functions.

Fig. A.17 depicts the control signals T:lert} g A A0 5y for the
casewhenT =21°C, e;; =0, and Ao, , = 0 while the rest of the inputs
vary. On the axis where AT,;. ; changes, the steep slope can be observed,
which means that both control signals are quickly increased as soon as

(a) Temperature difference

(b) Change of temperature
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Fig. A.17. The FLC graph depicts the dependence of subsequent control signals

on two inputs: the ECDF of the price and the change of temperature. The case

of T., = 21 °Cis depicted. The remaining two input signals are kept constant
—J

e;x = 0Kand Agj = OK.

the negative disturbance (e.g., window opening) occurs. Furthermore, it
can be noticed that when F ( Pbuy) . 1s high, both control signals are kept
low for the sake of cost minimization.

Appendix B. Data collection and model validation

Since the experimental buildings are used as office buildings during
the week, the weekends were used to develop the control algorithms
without disturbing the office staff. From Oct. 12, 2024, until Dec. 15,
2024, each of the ten weekends was used to interact with the build-
ings to either (i) test the communication interfaces, (ii) verify the sensor
readings, (iii) excite the buildings’ heating systems with pseudo-random-
binary-sequences to gather high-quality measurement data for the model
identification, or (iv) evaluate the performance of preliminary versions
of the control algorithms.

The models were trained on the data of four weekends (Nov. 9-10,
16-17, 23-24, and Dec. 1-2) and then validated on the data of the two
following weekends, Dec. 7-8 and Dec. 14-15. Table B.6 presents each
room’s root mean square error (RMSE) values on both weekends used
for validation.

Table B.6
Model validation results for each room on two weekends.

Rooms RMSE Dec. 7-8, 2024 (K) RMSE Dec. 14-15, 2024 (K)
R1 0.11 -

R2 0.07 0.11

R3 0.08 0.10

R4 0.06 0.09

R5 0.35 0.15

K 0.14 0.26

C 0.05 0.16

B 0.04 0.06

(c) Change of lower temperature bound
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Fig. A.16. Membership functions for all inputs and outputs of FLC.
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Fig. B.18. Exemplary validation results of three rooms during one validation period.
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Fig. B.19. Linear functions mapping the heat flows to the supply temperature of the underfloor heating system.

All RMSE values are clearly below 1 K, indicating a sufficiently accu-
rate model fit. No reliable RMSE can be reported for the validation of R1
on Dec. 14-15, as the window in R1 was accidentally left partially open,
thereby substantially distorting the temperature measurements. Before
the start of the experiments, the models were retrained on all available
data, including the validation period, to incorporate all information into
the final model. Fig. B.18 presents the validation results of rooms R3, B,
and C on Dec. 14-15, 2024, which represent average, above average,
and below average model identification results.

The parameter identification for rooms K and C obtains similar RMSE
values to those of the other rooms. However, the temperature dynamics

in K and C are not as accurately captured as visible in Fig. B.18a. The
reason for this is that the parameter estimation for K and C is impacted
by the substantial waste heat received from the heating of the other
rooms (see Eq. (4)).

Besides the models describing the rooms’ thermal behavior, the MPC
also requires a model to map the rooms’ heat flows to a supply tem-
perature of the underfloor heating system. As discussed in Section 3.3,
linear regression has been found to be sufficiently accurate. Fig. B.19
presents the resulting models, where the black lines are the identified
linear functions m; mapping heat flows to supply temperatures.
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Table C.7
The disturbance schedule. D: doors, W: windows, R: roller shutters, o: open, c: closed.
Time R1 R2 R3 R4 R5 K C B
D w R D w R D w R D w R D w R D w R w R D w R

06:00 [ c o c c o c c o c c o c c o c c o c o c c o
06:05 o o o c c o c c o o o o c c o o o o o o o o o
06:15 o c o c c o c c o o c o c c o o c o c o o c o
19:00 o o o c c o c c o o c o c c o o o o c o o c o
19:10 o c o c c o c c o o c o c c o o c o c o o c o
22:45 o c o c c o c c o o o o c c o o c o c o o c o
22:55 o c o c c o c c o o c o c c o o c o ¢ o o c o
23:00 c c c c c c c c c c c c c c o c c o c o c c o

)

=

2
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Fig. D.20. Wind speed and direction throughout the experimental period.

Appendix C. Disturbance schedule

The disturbance schedule mimics occupant behavior and is presented
in Table C.7. The inner doors, roller shutters, and windows are closed
at night. At 6 am, the roller shutters are opened, and at 6:05 am, the
inner doors and windows are opened to ventilate the buildings for ten
minutes. In the evening, the kitchen (K) and dining room (R1) are ven-
tilated for ten minutes again. Before bedtime, the children’s room (R4)
is also ventilated for ten minutes.

Appendix D. Wind measurements

Fig. D.20 presents the wind speed and direction throughout the ex-
perimental period. The wind directions north, east, south, and west
correspond to 0 °C, 90 °C, 180 °C, and 270 °C, respectively. The scenario
“Energy comparison” is highlighted in red. Notably, during this time, the
wind speeds were significantly higher than during the remaining time
and mostly occurred from the western direction. This most probably led
to the lower energy consumption of Building 3 compared to Buildings 1
and 2 (see Fig. 1a) during the experiment “Energy comparison”.

Data availability

Data will be made available upon request.
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