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CHAPTER 1

Deliverable introduction

1.1 OVERVIEW

This deliverable is separated into two parts. The first part is the experiment
performed at the Smart Village Lab where four different EMS algorithms were
compared on the real hardware of a house with photovoltaic panels, a battery and
an electric vehicle. The electricity costs were defined by a dynamic contract with
electricity prices changing every hour and subject to the Flemish capacity tariff.
The goal of this experiment was to evaluate how well each EMS is capable of
using the flexibility of the battery and electric vehicle to minimize the electricity
costs of the household.

The second part of this deliverable analyses the benefits of using a state-of-
the-art EMS for electrified dwellings in Belgium. This analysis is performed
by simulating 500 dwellings representative of the Belgian building stock, with
gas heating replaced by heat pumps, electric water boilers, and home charging of
electric vehicles. This study takes into account the financial benefits as well as
thermal comfort and charge completion of the electric vehicle.

The first part has been published as a peer-reviewed journal article in the Knowl-
edge Based Systems journal [44] and the second part is currently being submitted
to the peer-reviewed conference BuildSys 2026.

The following two chapters of the deliverable contain a slightly adapted version
of the full text of both papers.

1.2 PUBLICATIONS AND ABSTRACTS

Here are the full titles and abstracts of both papers:

REAL-WORLD VALIDATION OF SAFE REINFORCEMENT LEARNING, MODEL
PREDICTIVE CONTROL AND DECISION TREE-BASED HOME ENERGY
MANAGEMENT SYSTEMS

Abstract:
Recent advancements in machine learning based energy management approaches,
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specifically reinforcement learning with a safety layer (OptLayerPolicy) and a
metaheuristic algorithm generating a decision tree control policy (TreeC), have
shown promise. However, their effectiveness has only been demonstrated in com-
puter simulations. This paper presents the real-world validation of these methods,
comparing them against model predictive control and simple rule-based control
benchmarks. The experiments were conducted on the electrical installation of
four reproductions of residential houses, each with its own battery, photovoltaic,
and dynamic load system emulating a non-controllable electrical load and a con-
trollable electric vehicle charger. The results show that the simple rules, TreeC,
and model predictive control-based methods achieved similar costs, with a differ-
ence of only 0.6%. The reinforcement learning based method, still in its training
phase, obtained a cost 25.5% higher than the other methods. Additional simula-
tions show that the costs can be further reduced by using a more representative
training dataset for TreeC and addressing errors in the model predictive control
implementation caused by its reliance on accurate data from various sources. The
OptLayerPolicy safety layer allows safe online training of a reinforcement learn-
ing agent in the real world, given an accurate constraint function formulation.
The proposed safety layer method remains error-prone; nonetheless, it has been
found beneficial for all investigated methods. The TreeC method, which does not
require building a realistic simulation for training, exhibits the safest operational
performance, exceeding the grid limit by only 27.1 Wh compared to 593.9 Wh
for reinforcement learning.

SHOULD BELGIANS INSTALL AN ADVANCED ENERGY MANAGEMENT SYSTEM
IN THEIR ELECTRIFIED DWELLINGS?

Abstract:

As dwellings electrify and more complex electricity pricing spreads in Belgium,
the question arises: What are the potential benefits of installing advanced energy
management systems in an electrified Belgian dwelling?

To answer this question, we simulate 500 representative Belgian dwellings in
which fossil systems are replaced by controllable electric technologies: space
heating via air-to-air heat pumps, domestic hot water via electric boilers, and
private transport via electric vehicles with home chargers. Photovoltaic systems
are assigned according to current adoption rates.

We evaluate two advanced energy management systems (EMS): model predictive
control (MPC) and TreeC, a machine learning method using decision trees to
model the EMS strategy. These are compared to a rule-based controller (RBC)
that mimics default operation and an MPC with perfect forecasts (MPC P) as
an upper bound. Performance for these EMSs is assessed for 2023 under a real
contract with hourly prices and a monthly peak tariff.
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Average annual savings versus RBC are 82.5€, 116.6<€, and 177.4€ for TreeC,
MPC, and MPC P, respectively. All EMSs deliver similar thermal comfort (26-31
Kh). MPC saves more, while TreeC achieves higher EV charge completion (93.3%
vs 88.8% for MPC, with a max charge of 95%) and a smoother aggregate load
across the 500 dwellings. Savings remain modest relative to EMS purchase (280-
680€) and subscription (0-360€ /year) costs, which is not favourable towards
widespread adoption.
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CHAPTER 2

Real experiment case

2.1 INTRODUCTION

This chapter presents a comparison of four EMSs in an experimental setup with
real energy assets. The four implemented EMSs are TreeC, reinforcement learn-
ing (RL), model predictive control (MPC) and rule-based control (RBC). Each
EMS manages a home battery and emulated EV charger and aim to minimize
household electricity costs under a dynamic tariff with prices changing every
hour. Implementing EMSs in a real-world setting is important to identify po-
tential issues that do not arise in simulations. This chapter is an adaptation of
the published journal article “Real-world validation of safe reinforcement learn-
ing, model predictive control and decision tree-based home energy management
systems” [44].

The main contribution of this chapter are:

— Implementation of TreeC in a real-world experimental setup.

— Comparison of TreeC, RL, MPC and RBC on a real experimental case with
batteries, solar PV, electric loads, emulated electric vehicle charging and
hourly electricity based pricing.
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2.2 METHOD

2.2.1 HARDWARE SETUP
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Figure 2.1: Schematic of this chapter’s experimental setup for each house. From
top to bottom: PV installation (with peak power), Battery (with capacity), in-
verter (with maximum power), grid connection (with phase specification and
maximum power), dynamic loads (with maximum power), emulated house con-
sumption (with average daily consumption), and EV charger (with maximum
charge power). Assets highlighted in green are controlled by the EMS, optimiza-
tion is performed on the electricity cost, indicated in orange.

The experimental setup consists of four real reproductions of a house’s electrical
circuit. Each house has a battery, a PV installation, an emulated electric load
consumption and emulated EV charging sessions. The houses are connected
to the grid and have official digital meters from the local Belgian distribution
system operator that measures energy imported from and exported to the grid.
The home batteries and PV installations are different for each house, whereas
the emulated electric load consumption and charging sessions are identical for
all houses. This setup replicates an electrical configuration typical of a modern
home with any non-electrical heating system. The experiment was conducted in
the Smart Village lab on the Green Energy Park site in Zellik, Belgium.
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Figure 2.2: Photograph of the experimental setup: with G being the grid connec-
tion equipped with the official digital meter of the local distribution system op-
erator, B the battery, S the solar PV installation inverters (solar panels equipped
on the roof) and L the connectors to the dynamic loads (dimmers in separate cab-
inet and electrical loads stationed outdoors). The number represents the house
numbers.

The electrical loads used for the consumption and charging sessions come from
a dynamic load system composed of seven 2000W Perel® PHP2000 heaters con-
trolled through Showtec Single DP-1 dimmers. The electrical loads are calibrated
so that the setpoints match the real measured active power consumption more
closely (we expect this difference to come from measurement! inaccuracies and
manufacturing tolerances of the loads).

Measurement devices for power, voltage and current are present for the PVs, home
batteries and grid connections. The power of the electrical loads and other power
losses in the setup is calculated via the PV, battery and grid measurements.

A schematic and a picture of the setup are displayed in figs. 2.1 and 2.2.

The hardware specifications of the home batteries, inverters and PV installations
are summarized in tables 2.1 to 2.3.

Table 2.1: Battery specifications

Max Max
House | Battery model ‘ Capacity | charge | discharge
1 BYD HVS 5.1 5.12 kWh | 3.2 kW 3.2 kW
2 Huawei LUNA2000-5-EO | 5 kWh 2.5 kW 2.5 kW
3 D-Centralized LF2 15.3 kWh | 3.0 kW 4.0 kW
4 Pylontech US2000B 3.55 kWh | 1.7 kW 2.5 kW

INo voltage and therefore power factor, measurement per circuit was operational
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Table 2.2: Inverter specifications

Max
House | Inverter model Assets AC power
1 Fronius Primo GEN24 3.0 PV —+ battery 3.0 kW
2 Huawei SUN2000-5KTL-M1 PV + battery 5.0 kW
3 Sermatec SMT-5K-TL-LV PV + battery 6.0 kW
4 SMA Sunny Boy SB2.5-1VL-40 PV 2.5 kW
4 Victron Multiplus-1T GX 48/3000/35-32 | battery 2.5 kW

Table 2.3: Additional specifications

House ‘ PV peak power ‘ AC circuit ‘ House breaker

1 3.4 kWp
2 5.6 kWp
3 3 kWp
4 2.6 kWp

2.2.2 EXPERIMENTAL SETUP

2.2.2.1 Consumption profile

We utilize the real-time (10 seconds) residential electricity “household” consump-
tion data from Schlemminger et al. [46], focusing specifically on the 2019 dataset,
which predates the COVID-19 pandemic. Our experiments employ data from
single-family house (SFH) 19, which does not include solar PV, battery, or EV
charging. Additionally, this household dataset excludes heat pump loads. SFH
19 is selected due to its high data availability and quality, along with its typical

mono phase 9.2 kVA
three phase 17.2 kVA
mono phase 9.2 kVA
mono phase 9.2 kVA

consumption metrics, averaging 3425 kWh per year.

4000

3500

3000

N
u
o
o

2000

Power [Watt]

iy
w
o
o

1000

500 M

0

SO LSS PSSP S
NN SN NN N N S
Time

(a) Time series with 2.5th and 97.5th
percentile

Figure 2.3: Household consumption profile: 10 seconds SFH 19 data [46] without
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We shifted the dataset so that weekdays align (that a Monday in runtime is also a
Monday in the dataset) and used this for all our hardware-in-the-loop simulated
dynamic loads so that each house has the same real-time non-controllable load.

2.2.2.2  Electric vehicle and driver charging behaviour

The residential electric mobility demand consists of two parts: a) a first part
specific to the EV user charging behaviour (i.e. arrival time, departure time and
energy need), and b) a second part specific to the EV charging power profile.

Firstly, the EV user charging behaviour is simulated directly using an existing
open-source dataset available in [48]. This dataset comprises data from 97 EV
users, encompassing 6878 charging sessions at residential locations spanning from
December 2018 to January 2020. Among these users, “Bl2-2” has been selected
for the experiment due to its alignment with the average EV user in terms of ar-
rival time, parking duration, and energy requirements. However, it distinguishes
itself by exhibiting a notably high frequency of charging sessions, rendering it
particularly interesting for the experiment as it allows for more interactions with
the EMS developed in this chapter. From a statistical standpoint, this EV user
has undergone 315 charging sessions, with an aggregate energy consumption of
3274.74 kWh across 386 days.

Secondly, the EV charging power profile is built based on certain variables and
constraints. The EV charging power is constrained by (2.1).

0 S Pte’l) S Pe”U

max

(2.1)

where:

P kW] EV charging power at time step ¢
pev  [kW]  Maximum charging power

Pev - is the maximum charging power in [EW] set to 7.4 kW, following the IEC
61851 charging standards [29]. Additionally, the maximum charging power fol-
lows the Constant-Current/Constant-Voltage (CC-CV) uncoordinated charging
method defined in Vagropoulos and Bakirtzis [54]. Such a method stipulates that
the power is a function of the state of charge (SOC) as a piece-wise linear function

summarized in (2.2).

pev if SOCy" <Socy,,
P = pev pev pev SOCEU _ SOCS&CU if SOCY" > SOCE,
= e = Prin) * =1 550w~ L

mazx mazx man cc,cv
cc,cv

(2.2)
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where:

SOCe %]  SOC of the EV at time step ¢
SO ngcv %) Transition SOC between the Constant-Current

and Constant-Voltage phases, set to 90%
Py [kW] Maximum charging power at 100% SOC, set to 1 kW

Finally, both charging power and SOC variables are linked using the equality
constraint (2.3).

P x At
>< —_—

= (2.3)

SOCsY, = SOCEY + gyfharse

where:

SOCs %] SOC at time step ¢
E [kWh| capacity of the EV battery, set to 60 kWh
ncharse |%]  charging efficiency, set to 95%

The charging efficiency is set to 95% as it is typical for lithium-ion batteries [20].

2.2.2.3 Tariff

The real-time pricing used in this study is based on a one-year dynamic contract
of a major Belgian energy supplier, as if it were taken in April 20242. The total
cost is composed of four costs with different pricing mechanisms: the day-ahead
cost, the offtake extras cost, the peak cost and the fixed yearly cost.

The day-ahead cost depends on the prices of eqgs. (2.4) and (2.5).

(Vd; +0.011+-5) x 1.06 i (Vd; +0.011+5) > 0

Vo, = kWh kWh (2.4)
(Vd, +0.01155), otherwise
. €
where:

Vo, [€/kWh]| offtake price at time step ¢
Viy [€/kWh| injection price at time step ¢
Vd; [€/kWh| Belgian day-ahead hourly price at time step ¢

A value-added tax of 6% is added to the offtake price when it is positive.

2Full contract available on the paper’s GitHub repository at https://github.com/EVERG
i/real_validation_saferl_treec_paper/
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Extra costs that occur for energy taken from the grid for transport, distribution
and taxes are calculated together and labelled as offtake extras cost. The offtake
price for all these additional offtake costs V f is 0.114 €/kWh.

The monthly peak offtake cost Cp,, is calculated by eq. (2.6).

’Bm| EOt

where:
B,, set of all billed time steps in month m
N, total number of time steps in the month

Vp [€/kW| peak price of 3.5€/kW
Eo; [kWh| energy taken out of the grid at time step ¢

The Cp,, cost adds a penalty to the highest offtake power averaged over a 15-
minute time step that occurred for each month. In the context of this study, the
monthly peak offtake cost is proportional to the billed period of each month to
also include this cost for unfinished months. The offtake energy Fo, is divided
by the length of a time step to obtain the power in kW. A minimum monthly
peak power of 2.5 kW is enforced in the cost, even if the measured peak power is
lower.

The fixed yearly cost is calculated using the yearly price Vy of 115.84€ and
is proportional to the billing period. The total electricity cost is calculated by

eq. (2.7).

|7

Ciw = Y _(EoVo,— EiyVi)+ > Eo,Vf + > Cpu+ EVy (2.7)
€T g . ter o TGMV PR ,
day-ahead cost offtake extras cost peak cost yearly cost
where:
T Set of all billed time steps
M Set of billed months
N, Total number of time steps in the year

Ei, [kWh] Energy injected to the grid at time step ¢

2.2.2.4 House switching

As described in subsection 2.2.1, the four houses have different home batteries
and PV installations. Assigning a different EMS to each house and comparing the
performance by running them simultaneously would not yield comparable results.
One house could obtain better performances because it has a better battery or
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PV installation. To avoid this bias, the EMSs are switched every 24 hours to a
different house.

Since there are 4 houses and 4 EMSs to test, there are a total of 24 possible house
and EMS combinations. Each combination is tested twice, resulting in 48 days
of testing in total. The 48-day schedule is obtained by randomly shuffling the 24
combinations until two distinct 24-day schedules are generated. This ensures no
consecutive days have the same RL or MPC EMS assigned to the same house.
This rule is applied for practical reasons, as the RL and MPC EMSs behaviours
depend on how they operated a house previously. Failed test days can occur, and
not having an MPC or RL EMS on the same house for consecutive days provides
more time to identify a failure while preventing its propagation to the following
day.

The switching is conducted daily at 15:00. By this time, the batteries of all houses
are charged to 100% to ensure consistent starting conditions post-switch. The
EV schedule is adjusted to prevent charging sessions from overlapping with the
15:00 switching time. This is achieved by shortening the duration of overlapping
sessions, either by starting or finishing them at 15:00, with the option of the
longest duration being selected. The start and end SOC of the EV batteries are
maintained according to the original schedule.

These switching rules have been selected because 15:00 is a time when there are
fewer charging sessions compared to the morning and evening hours. At 15:00,
the home battery also had the opportunity to charge using the excess energy
generated by the PV installation in the preceding hours. Additionally, at this
time, the day-ahead prices for the next day are available, eliminating the need to
forecast them for the MPC EMS.

2.2.2.5 Enforced charging behaviour

An enforced charging behaviour is enforced in order to reach 100% SOC at the
switching time for the home batteries and to reach the imposed final SOC of
an EV battery at the end of a charging session. The batteries are charged at
maximum power to reach their SOC goal at the latest possible time minus a
buffer time Btime. This buffer time is used to avoid not reaching the SOC goal
in time due to non-perfect battery models, safety layer activation (which could
reduce the battery setpoints, see subsection 2.2.3) or other unexpected event.

The buffer time value is higher when the difference between the SOC goal and
the current SOC of the battery is higher because more events could prevent the
battery from reaching its SOC goal in time. This relation is described in eq. (2.8).

Btime = (SOCg - SOC) * (Bmaac - Bmzn) + Bmzn (28)
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where:

Biime |min|  time buffer in minutes

SOC, [%]  SOC goal of the battery

SOC %]  current SOC of the battery

Binaz [min|  time buffer if 100% of the battery still needs charging
Bipin [min]  minimum time buffer

Every 5 seconds, the battery controller calculates with egs. (2.3) and (2.9) whether
the battery can reach the SOC goal at the intermediate time, defined as the target
time minus the time buffer. If not, the battery is charged at maximum power
for 1 minute. For both the home batteries and the EV batteries, B,,;, is set to 3
minutes. For the home batteries B,,,, is set to 1 hour and for the EV batteries
Biae 18 set to 4 hours. The B,,;, and B,,,, values were obtained by testing in
simulation what values would consistently meet the SOC goal in time throughout
the 3 months of training data (see subsection 2.2.5.1).

2.2.3 SAFETY LAYER

A safety layer is implemented for all EMSs to ensure the maximum power limits
of the main circuit breaker is not exceeded. The safety layer is run every 5 seconds
and can override the setpoints of the EMSs if the power limits would be exceeded.
The method used in this study is the OptLayerPolicy safety layer from Ceusters
et al. [8] - as it is considered one of the state-of-the-art methods.

2.2.4 SIMULATION

A simulation of the homes is implemented in order to train the TreeC EMS and
compare the real experiment with the simulation. A simulation time step of 15
minutes was used. The simulation models the behaviour of the home battery, EV
charging, PV, electrical load and grid connection and how they react to different
control strategies from EMSs.

The simulation model of the home battery is described in eq. (2.9).

ch batt di /,,batt
P s — PP Iy

o At (2.9)

SOCHY = S0C +

where

where :
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SOCP [%] SOC of the home battery at time step ¢

P [kW] Charge power at time step ¢

P kW] Discharge power at time step ¢

E%t [kWh|  Energy capacity of the home battery

n"ett | %) Charge and discharge efficiency of the home battery
At [h] Time step duration in hours

The efficiency of the home battery n* is set to 95% [20] for home batteries 1,2
and 4 and 96% for battery 3 as stated in the documentation of the battery. The
energy capacity of each home battery is stated in table 2.1.

The EV is modelled using eqgs. (2.1) to (2.3). The PV and electric loads come
from the measurements and are included in the simulation. The grid power is
calculated with eq. (2.10).

Ptgm'd _ —Ptload - Ptev + Ptp’U + Ptbattvt (2.10)

To simplify the modelling of the simulations, the limit imposed by the hybrid
inverter on the maximum combined power from the PV installation and the
home battery is not enforced (see table 2.2). This simplification is not expected
to significantly impact the results of the simulations because the hybrid inverter
limits are very rarely reached in practice for the setups used in this study.

The enforced charging behaviour described in subsection 2.2.2.5 is closely approx-
imated in the simulation. The time buffer is calculated using eq. (2.8) at each
time step. If following the battery charge or discharge power given by the EMS
does not allow reaching the SOC goal at the intermediate time, the battery is
charged at the minimum power necessary to meet that goal.

2.2.5 ENERGY MANAGEMENT SYSTEMS

This section presents the four EMS methods used and the data used to train the
MPC, RL and TreeC EMSs. All EMSs send a setpoint to the home battery and
the EV charger every 15 minutes; how they calculate this setpoint is described
in this section.

2.2.5.1 Training data

The MPC, RL, and TreeC EMSs required training data and used three months
of data spanning from 2024/01/01 at 00:00 to 2024/04/01 at 00:00. The dataset
included real PV power production, household power consumption described in
subsection 2.2.2.1 and EV charging sessions from subsection 2.2.2.2. The MPC
utilized this data to train its forecasting models, while the RL models were pre-
trained on the training data with additional power profiles for the home batteries
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and EV chargers. The power profiles of the home batteries and EV chargers were
generated as if an RBC EMS was controlling these assets. The TreeC EMS used
this data in the simulator, described in subsection 2.2.4, to construct its decision
tree.

2.2.5.2 Rule-based control

The RBC EMS implemented in this setup consists of default rules commonly
found in many devices. The primary rule for the home battery focuses on self-
consumption “behind-the-meter”. It charges when excess power is available from
the PV installation and discharges to meet load demands. The rule for the EV
charger is to always charge the EV immediately at maximum allowed power. This
EMS serves as a benchmark to evaluate the performance of the other EMSs.

2.2.5.3 Model predictive control

The MPC EMS in this setup is implemented as a Mixed-Integer Linear Program,
which is solved at each (15-minute) time step. The horizon of the MPC is variable
and ends at the next switching time. The MPC model is solved every 15 minutes.
The variables of the MPC are the power profiles of the home battery and the EV
charger, which are the assets it needs to control.

The objective function of the MPC is described in eq. (2.11).

E
0= (BoVo,— EiVi)+ Y EoVf +Vprmax(~—— ", Pp)  (2.11)

ted ~0.25h
teH teH ~
N 7 N 7
N~ N~ peak cost
day-ahead cost offtake extras cost
where:
H Set of time steps in the MPC horizon

Pp [kW]| Previous grid peak power for that house when running MPC

At the beginning of the experiment, Pp is set to 2.5 kW. This objective function
penalizes heavily exceeding the previous grid peak power Pp.

The MPC system models take as inputs the time of the day, the SOC of the home
battery and EV battery, the Belgian day-ahead hourly prices Vd; until the next
switching time, the forecasted power profiles until the next switching time of the
PV installation and the electric load and the forecasted final SOC and departure
time of the connected EV.

The MPC constraints for the home battery, grid power, and EV are consistent
with the simulation models described in egs. (2.1), (2.3), (2.9) and (2.10). How-
ever, the EV charging behaviour in the MPC formulation differs from the simu-
lator model in eq. (2.2), as detailed in eq. (2.12).
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(2.12)

Calculating the average maximum power of the EV charger over the next time
step when the SOCZ/ , is exceeded would introduce an exponential relationship
to the MPC model. The linearity of the MPC model is kept by limiting the
maximum power of the EV based on the SOC of the EV at the following time

step t + 1 instead.

A constraint requires the modelled SOC of the home battery to be charged to
100% at the next switching time. A similar constraint is imposed to ensure the
EV battery reaches the forecasted final SOC at the forecasted departure time.
This forecasted SOC and departure time can be underestimated, leading to the
activation of the enforced charging behaviour (see subsection 2.2.2.5). For this
reason, the approximated enforced EV charging power for the next time step (see
subsection 2.2.4) is set as the minimum EV power setpoint in the MPC model.
Finally, a constraint requires the modelled grid power not to exceed the maximum
grid power of 9.2 kW.

Forecasting of electrical load and PV generation are accomplished using a Light
Gradient Boosting Machine (Light GBM) model [30]. The model predicts the next
96 quarter-hourly values (totalling 24 hours) using the previous 96 quarter-hourly
values, the time of the day and the day of the week. An optimal combination of
hyperparameters is found using the Tree-structured Parzen Estimator [3|. The
ranges of hyperparameters used for the optimization are shown in Table 2.4. We
refrain from using the weather data provided by external services as an input
feature for the PV forecast to avoid possible errors, such as the external server
being down for maintenance. For electrical load prediction, the model is trained
using the original data (see subsection 2.2.2.1) and therefore the same for the four
houses while for PV generation the model is trained on a building-by-building
basis. The forecasting model for EV charging duration and demands employs
k-Nearest Neighbors (k-NN) [10] regression. The k-NN models utilize the initial
SOC and the hour of the day as features, leveraging cosine similarity to find the
most similar historical patterns. This model has previously shown superiority in
data-scarce applications, such as the prediction of EV charging session parameters
[24].
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Table 2.4: Hyperparameter Ranges for Light GBM Model

Parameter Range

Learning Rate 0.001, 0.01, 0.1, 0.2, 0.3
Num Leaves 32, 64, 128, 256

Max Depth 2,4, 6,8, 10
ColSample ByTree || 0.6, 0.8, 1.0

Min Child Samples || 1, 2, 3,4, 5

2.2.5.4 Reinforcement learning

The specific reinforcement learning algorithm used in this case is the twin delayed
deep deterministic policy gradient (TD3) [22], with its implementation taken from
the stable baseline [42] library.

Every 15 minutes, the algorithm receives the following inputs from the system
(instantaneous values at the start of each time step):

— Non-controllable electrical load kW]

— PV power [kW]|

— State of charge of the home battery [%)]

— State of charge of the EV [%)]

Belgian day-ahead hourly price (Vd;) [€/kWh]|

Hour of the day [h]

— Day of the week |[-]

At each time step, the RL algorithm selects an action for both the home battery
and the EV charger. This action is a continuous value representing the power
setpoint in kW, constrained by the respective maximum charge and discharge
limits of the home battery and the maximum charge limit of the EV charger.

At the end of each time step, the RL algorithm receives a reward R; based on
the previous time step . The reward is computed as follows:

Rt = —<E0tVOt — EZtVZt + EOtVf ) — Z (213)
. ~ > .
day-ahead cost offtake extras cost

Where z; = le if the safety layer corrected the setpoint of either the home battery
or the EV charger, and z; = Oe otherwise. This gives a significant penalty to
unsafe behaviours, encouraging the RL model to avoid them.

Page 19 of 77
ECOFLEX
Deliverable D5.2: Multi-energy community energy management



The RL agent is initially pre-trained using Behavioral Cloning [2], with the sim-
ulated data of the RBC EMS over the three-month training period to reproduce
the RBC’s behaviour. This approach reflects a practical scenario where only his-
torical rule-based EMS data is available, and no simulator is present, highlighting
the RL algorithm’s ability to learn directly from real-world data without requir-
ing a system model. The pre-training was performed using an 80%-20% train-test
split and trained over a period of 7 months and 6 days of data (i.e., three times
the training data without the test data).

The TF3 algorithm was implemented with the hyperparameters described in ta-
ble 2.5.

Table 2.5: TD3 hyperparameters. The parameters are the result of an optimiza-
tion study from Ceusters et al. [7], yet with an increased train_freq and reduced
learning_starts.

Parameters TD3
gamma 0.7
learning rate 0.000583
batch size 16
buffer size le6
train_ freq (4, “step”)
noise _type normal
noise _std 0.183
learning starts 96

2.2.5.5 TreeC

Using the TreeC method, one decision tree is generated to control the home bat-
tery and another one to control the EV charger for each house. The decision trees
used in the experiment are generated using the training data of subsection 2.2.5.1,
the simulator of subsection 2.2.4 and the objective function described in eq. (2.7).

Two changes have been made to the original TreeC method described in ?7:

— The metaheuristic algorithm Covariance matrix adaptation evolution strat-
egy seemed to end up in local minima during different training runs reg-
ularly. The covariance matrix adaptation evolution strategy was therefore
replaced by the metaheuristic algorithm particle swarm optimization [31],
which obtained better training results. This study used the particle swarm
optimization algorithm implemented in the Python library pygmo [4] with
default parameters which corresponds to the canonical particle swarm op-
timization algorithm described in [40].

— At the end of the training, the best decision tree is pruned by removing
all leaves that do not make the objective function score worse than 1%
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compared to the unpruned decision tree. The least used leaves are tested
for removal first.

The splitting features of the decision trees are the following:

— Non-controllable electrical load (P!°) [kW]

— PV power (P)) [kW]

— Home battery power (P) [kW]

— EV charging power (P£%;) [kW]|

— State of charge of the home battery (SOC?) |%)|
— State of charge of the EV (SOC¢") %]

— Belgian day-ahead hourly price (Vd;) [€/kWh]

— Hour of the day [h]

— Day of the week [-|

— Difference with minimum day-ahead price [€/kWh]|

All power values are the average power over the previous 15-minute time step (i.e.,
from ¢t — 1 to t). The SOC, price and time values are instantaneous values at the
start of the time step t. The "difference with minimum day-ahead price" feature
represents the day-ahead price shifted to have the minimum price of the ongoing
experiment day equal to 0. This additional feature is calculated by subtracting
to the current day-ahead price the minimum price of the experiment day period
ranging from the previous switching time to the next switching time.

The actions of the TreeC EMS include charging or discharging the home battery
at different power levels and also the possibility to do self-consumption. The
action space is normalized between 0 and 1. If the action value is less than
0.1, then it does self-consumption; otherwise, it charges or discharges the home
battery at the power level corresponding to the denormalized action value.

The TreeC EMS is trained in simulation with the particle swarm optimization
algorithm over 1000 generations and a population of 1000 individuals. This
means 1000000 decision tree based EMSs are evaluated in simulation on the
three months of training data and the best one is then selected. The population
size of 1000 was chosen as it obtained better results for the real-world and non-
unimodal benchmarks of the IEEE Competitions in Evolutionary Computation
compared to the more historically implemented population sizes of 20-50 individ-
uals [39]. As in classical TreeC, five different EMSs are generated for each house
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through training then pruning. The best-performing EMS of the five is then used

in the experiment.

The TreeC EMS obtained after training for house 1 is presented in fig. 2.4.

SOC:
93 9%
Diff min price: / }‘
5.2 €/MWh @ 15:30 760k

Charge Self- l s Charge l s Charge
1.3 kW 1| consumption ZIV 3.9kw ALREDY
(a) Decision tree for the home battery (b) Decision tree for the EV charger

Figure 2.4: The TreeC EMS obtained after training and pruning for house 1.

The obtained EMS is interpretable. The home battery charges when the electric-
ity price is close to the minimum price for the experiment day and otherwise does
self-consumption. The EV charger sets a high charging power when the home
battery is almost full; otherwise, it sets a low charging power after 15:30 and an
intermediate charging power before 15:30.

Here below are the EMSs obtained for the other houses.

@ 02:30

0| s Charge Ols soC:
3.9kW 70.1%
Diff min price: / \

3.4 €/MWh Ol & Ch soC:
o.oaﬂﬂi 98.8%

< >= / \
Charge Self- 0| s Charge Ol s Charge
1.2 kW '] consumption 3.9 kw 5.8 kW
(a) Decision tree for the home battery (b) Decision tree for the EV charger

Figure 2.5: The TreeC EMS of house 2.
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Charge Self- s Charge s Charge
I 0.9 kW I consumption 4.9 kW 2.5kw
(a) Decision tree for the home battery (b) Decision tree for the EV charger
Figure 2.6: The TreeC EMS of house 3.

@ 01:30

< >=
s Charge Power:
0.4 kW 1.7 kw
Diff min price: / \

. 0| » Charge
7.4 €/MWh @ 15:15 1.4 kW
Charge Self- 0| & Charge 0| s Charge
1.2 kW '] consumption 4.4 kW 0.2 kW
(a) Decision tree for the home battery (b) Decision tree for the EV charger
Figure 2.7: The TreeC EMS of house 4.

2.2.6 EXPERIMENT EXECUTION

The experiment was conducted from 2024/04/11 at 15:00 to 2024,/06/17 at 15:00
to obtain 48 experimental days fit for comparison. In total, 19 experimental days
were not used due to home batteries not reaching 100% at the switching time,
missing data or circuit breaker trips. The reasons for these failures were the
following;:

— Server restart interrupting the execution program (2 days)

— Battery of house 1 stopped responding until manual intervention (2 days)
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— Battery of house 4 stopped responding when fully charged, a bug fix was
applied to limit the SOC to 95% (1 day)

— The bug fix for house 4 did not fix the issue. A new fix was applied to
perform self-consumption above 95% SOC (2 days)

— A circuit breaker from the dynamic loads circuit of house 2 tripped because
the breaking capacity was too low for high loads; a circuit breaker with a
higher breaking capacity was used instead (6 days)

— A previously uncaught error caused the experiment program to stop (2
days)

— The main circuit breaker of house 3 blew because the apparent power of
the house was too high for too long (2 days)

— Missing grid measurements due to a malfunction of the grid meter of house
1 (2 days).

Some changes have been made to the experiment during its execution. As listed
above, we encountered an unexpectedly high amount of reactive power from the
dynamic loads within our hardware setup (fig. 2.1), causing a circuit breaker trip.
This was because the safety layer was formulated using active power rates, essen-
tially assuming a perfect power factor of 1. Therefore, halfway through the ex-
periment, we incorporated the reactive power in the constraints - imposing limits
on the grid’s apparent power instead to limit the maximum main circuit breaker
current correctly. Extra measurements were taken on the main grid breaker, and
the grid limit of 9.2 kVA apparent power corresponds to approximately 8.7 kW
active power. The maximum grid power in simulation and the MPC constraints
was therefore changed from 9.2 kW to 8.7 kW. The correction was made on the
2024/5/21 at 15:00.

Two other minor changes were made during the experiment. The EV SOC input
used by the TreeC EMS had a value 100 times too low. This was corrected and
had an impact on only one charging session without affecting the performance
much. The error was also reproduced in the simulation (Corrected 2024/4/15
15:00:00). The maximum SOC for the battery of house 4 was limited to 95% as
described in the bullet points above (First correction 2024/04 /22 15:00:00, second
correction 2024/04 /30 15:00:00).

Figure 2.8 shows the RBC EMS controlling house 3 for an experiment day. The
figure shows the power profiles of the different assets for this experiment day, the
SOC of the EV and home battery, the enforced charging behaviour at the end
of the day for the home battery and two periods when the safety layer corrected
the EV and home battery powers.
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Figure 2.8: Representation of the experiment day starting on the 30th of May
at 15:00. The upper plot shows the power profiles of the different assets of house
3 controlled by the RBC EMS. The grid power is represented in grey when the
safety layer is not activated and in black when it is. The bottom plot shows the
SOC of the home battery and EV. The enforced charging behaviour of the home
battery is executed at the end of the experiment day to reach the 100% SOC goal
at 15:00.

2.3 RESULTS AND DISCUSSION
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2.3.1 EMS PERFORMANCE COMPARISON

B Yearly [ Experiment
I Peak [Z4 Simulation
200 1 [ Offtake extras

I Day-ahead

150 4

=
o
o

Total cost (€)

50 1

RL MPCP RBC MPCP TreeC MPC P MPC MPC P

Figure 2.9: Costs of electricity for each EMS over the 48-day experiment from
the real measurements and simulation. The total cost of electricity is divided into
the four different costs from eq. (2.7). In addition to EMSs costs, the simulated
costs of an MPC EMS with perfect forecast is also shown with the label MPC
P. The MPC P costs are simulated using the same set of 48 days and house
combinations as the EMS on its left and serve as benchmarks.

The RBC, TreeC and MPC EMSs obtained similar performances in the experi-
ment as shown in fig. 2.9. The RL EMS obtained a worse performance than the
other EMSs, which is expected as the RL performed more exploratory actions
than the other EMSs. For the three other EMSs, them being close is unexpected
but is explained in the following sections.

No EMS is close in performance to the MPC P benchmarks, indicating better
implementations or methods could still be found. The MPC P EMSs obtained
scores between 137.9€ and 139.5€ even though they were evaluated on different
day house combinations (i.e. the same day house combinations than the EMS for
which they serve as a benchmark). The score difference is small, which indicates
that the comparison procedure is fair.
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Table 2.6: Electrical energy metrics for each EMS over the 48-day experiment
from the real measurements. Net consumption is defined as the difference between
grid-imported and grid-exported energy.

Result H RL ‘ RBC ‘ TreeC ‘ MPC
Grid imported [kWh] 991.7 | 595.3 | 638.6 | 694.9
Grid exported [kWh] 458.3 | 91.3 | 142.2 | 190.5

Net consumption [kWh] || 533.4 | 504.0 | 496.3 | 504.4

The results of table 2.6 show that the RL EMS imported more electricity from
the grid compared to the other EMSs, and it also has a higher net consumption.
A higher net consumption is most probably caused by a higher use of the battery,
which would result in more efficiency energy losses.

2.3.1.1 Rule-based control

The strategy of the RBC is to do as much self-consumption as possible, which
means trying not to take electricity off the grid as shown in table 2.6. This strat-
egy is reflected in a comparatively low offtake extras cost, which is proportionally
the highest cost category for all EMSs.

2.3.1.2 Reinforcement learning

The RL EMS obtained the worst score, mainly due to a higher offtake extras
cost (distribution and taxes) as can be seen in fig. 2.9 - which is not unexpected
as we observed early-stage learning despite the pre-training, given the new (real)
experience tuples. Moreover, even though the RL agents were pre-trained offline
with a 3-month-long historical dataset, each agent-house combination only had
an experimental runtime of 1.7 weeks (12 days). When comparing to relevant
simulated case studies, more required training time is also observed. For example,
Ceusters et al. [9] reported 95% MPC-like performance of the RL EMS after
~ 18.6 weeks and only matched the MPC EMS after ~ 2 years - also using
15-minute time steps.

2.3.1.3 TreeC

The TreeC EMS obtained the lowest peak cost but couldn’t obtain as low offtake
extras and day-ahead costs as the other MPC and RBC EMSs. Looking at the
decision trees obtained in figs. 2.4 to 2.7, the low peak cost is explainable by lower
charging setpoints of the EVs.
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Figure 2.10: Comparison for each house of the total cost obtained with the
TreeC EMS and the benchmark MPC P EMS. For house 3, the TreeC-+RBC
EMS is added to the comparison and represents the TreeC EMS using the self-
consumption control strategy of the RBC EMS to control the home battery.

Intuitively, it is surprising that the TreeC EMS did not perform better than the
RBC EMS. Figure 2.10 shows that the benchmark costs of the MPC P EMS
are 10-15% lower than the TreeC EMS costs for houses 1,2 and 4. For house 3,
though, the MPC P EMS cost is 33% lower than the TreeC EMS cost, showing
a much larger difference than for the other houses. Looking at the decision
trees obtained from the TreeC training (see figs. 2.4 to 2.7), the main difference
between houses 1,2 and 4 and house 3 is the home battery strategy. Houses 1,2
and 4 charge their battery when the electricity price is very low and otherwise
do self-consumption. House 3, on the other hand, does self-consumption until
midnight and then charges the battery until the switching time at 15:00. This
strategy could well be valid in the training months of January to March when
there is less PV production but during the experiment months of April to June,
the strategy would lead to more offtake from the grid and, therefore, offtake
extras costs compared to the self-consumption strategy of the RBC EMS. When
replacing the TreeC home battery strategy of house 3 with the self-consumption
strategy of the RBC EMS in simulation, the MPC P cost is now only 15% lower
for that house as shown in fig. 2.10. The TreeC+RBC policy for house 3 would
have reduced the total cost of the TreeC EMS by 10.5€, making it better than
the RBC EMS over the total cost of the 4 houses (see fig. 2.9 for original total
costs).
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Overall, this shows the importance of using data from a training period that is
representative of the experiment or test period. In this case, the training data
was not representative enough of the experiment, which led to the TreeC EMS
obtaining a bad control strategy for the home battery of house 3.

2.3.1.4 Model predictive control

The MPC EMS obtained the lowest day-ahead costs but couldn’t obtain as low
of a peak and offtake extras costs as the RBC and TreeC EMSs. The low day-
ahead cost is expected as the MPC knows the future Belgian day-ahead prices
of electricity and can optimize accordingly. Intuitively, it is surprising that the
MPC did not optimize the other costs efficiently.

Figure 2.9 shows a bigger cost difference between simulation and reality than
the other EMSs and obtained lower peak, offtake extras and day-ahead costs.
Certain days had cost differences exceeding 1€, as seen in fig. 2.11. A deeper
analysis was performed to understand these differences on three days that had
this cost difference for houses 1 and 3. House 4 also had two days when the
simulation results were worse than the experiment by more than 1€. However,
on one day, the simulation outperformed the experiment by approximately 2€,
which mitigates the impact of the two worse days.
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Figure 2.11: Difference in costs between the experiment and the simulation for
the MPC EMS for each day.

In all three instances, the main driver behind the cost differences is the peak cost.
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— Day 5 of house 3, a difference of 4.8€: On the first time step of the day,
a new short charging session forced the EV charger to charge at maximum
power. In the simulation, this peak was avoided by discharging the home
battery at the same time, but this did not occur in the experiment. The
MPC EMS in the experiment decided on the setpoint for the home battery
and EV charger without receiving the information that an EV session would
start at that time step and, therefore, did not set an appropriate home
battery setpoint. This is a coding error that would happen when an EV
session starts at the first time step of the day.

— Day 8 of house 1, a difference of 2.2€: The peak of the day was higher
in the experiment than in the simulation because the MPC set a higher
charging power for the EV charger than in the simulation at midnight.
The MPC EMS forecasted that there would be some PV production at
that time because it received the PV production of the previous day in a
wrong order. This wrong order was due to the device failing to take the
grid measurements. The device failed to collect data from the 29" of May
at 10:45 to the 30" of May at 06:45, and the investigated day started on
the 30" of May at 15:00. The forecaster of the MPC requested the data
from the previous 24 hours, but due to the missing data and the formatting
functions not sorting by default on time; the data was received starting
from 06:45 until the time of request and then from 24 hours before the time
of request until 06:45. This mixed order caused the forecaster to predict a
PV production between 300W and 400W during nighttime and at a time
when the MPC EMS decided to charge the EV at power close to the previous
peak, thus obtaining a higher peak in the experiment than in the simulation
for the day.

— Day 3 of house 1, difference of 1.7€: Close to the end switch time of the in-
vestigated experiment day, the MPC EMS managed in simulation to charge
the home battery at 100% SOC and complete an EV session without in-
creasing the peak cost. In contrast, in the experiment, the peak was in-
creased due to bad management of the EV session and home battery 100%
SOC switching time constraint. The error came from a difference in the
experiment and simulation MPC. Whenever the forecaster would predict a
departure time later than 15:00, the simulation MPC would set the depar-
ture time to 15:00 instead. This correction was mistakenly not applied in
the experiment MPC.

These errors were reproduced in simulation, and the total cost went from 157.8€
to 165€. This brings the simulation cost closer to the experimental total cost of
172.8€ by half of the original difference. A better implementation of the MPC
EMS in the experiment would improve its performance. On the other hand,
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this shows that the peak cost can penalize the performance of the MPC if there
are some errors in the implementation. EMSs based on less complex models
and inputs, such as the RBC and TreeC EMS, did not experience similar errors.
Also, it would have been difficult to notice these errors without a simulation
reproducing the MPC behaviour.

2.3.2 DIFFERENCE EXPERIMENT VS SIMULATIONS

The following section analyses differences between simulation and experiment
in addition to the ones already pointed out specifically for the MPC EMS in
subsection 2.3.1.4.

The experiment runs in real-time while the simulation approximates this be-
haviour on a 15-minute time step. In the experiment, the grid sensor measures
both imported and exported energy for the same time step, while in simulation,
there is only one net consumption value per time step. The net consumption is
the difference between the imported and exported energy from the grid. Calcu-
lating the cost for one time step using both the imported and exported energy
instead of the net consumption is always more expensive because offtake extras
costs get removed when doing the energy difference for net consumption. Ta-
ble 2.7 shows the score obtained in the experiment for each EMS when using the
import and export energy values as well as the score obtained when using the
net consumption to understand if the approximation of the simulation has a big
impact on the results.

Table 2.7: Costs of electricity obtained for each EMS in the experiment when
taking the export and import energy values and when calculating net consump-
tion.

EMS Experiment Experiment Simulation
(import/export) | (net consumption) | (net consumption)

RL 216.1€ 207.2€ 208.6€

RBC 171.7€ 171.2€ 166.6€

TreeC 171.7€ 170.7€ 169.9€

MPC 172.8€ 170.1€ 157.8€

The cost difference between import/export and net consumption is larger for the
RL and MPC EMSs than for the TreeC and RBC EMSs. A major behavioural
difference between the MPC and RL EMSs with the TreeC and RBC EMSs is that
the former control the home battery’s setpoint while the latter often or exclusively
do self-consumption. Doing self-consumption allows the battery to adapt to real-
time changes and has no or very little imported and exported energy when the
battery is not full or empty. Giving a fixed setpoint to the home battery for
a whole time step, on the other hand, does not allow the battery to adapt to
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real-time changes and can lead to both imported and exported energy during the
same time step.

A solution to this problem could be to require the home battery to maintain the
grid power at a certain setpoint instead of keeping a fixed battery power for the
whole time step. Further simulation and experimentation would be needed to
confirm if this is a good solution.

Both the MPC differences from subsection 2.3.1.4 and the grid energy exchange
calculation difference from this section explain some differences between the ex-
periment and the simulation. Other differences observed between experiment and
simulation but more difficult to quantify in terms of cost include:

— Battery capacities and efficiencies not being exactly the same as on the
specification sheet.

— Batteries 1 and 2 having a clear minimum soc of 5%.

— Battery 4 having a variable minimum SOC, an upped soc of 95% to avoid
the battery not responding and a recurrent jump from 85% to 95% SOC
due to internal recalibration.

— The real-time safety layer of the experiment is approximated on a 15-minute
time step in the simulation.

— The hybrid inverter’s power limit is not modelled in the simulation.

With the MPC errors of subsection 2.3.1.4 reproduced in simulation, the differ-
ence in total cost between experiment and simulation ranges from 1% to 4.5% for
all EMSs. When calculating the experiment’s total cost based on the net con-
sumption, this range goes down to between 0.5% to 3% difference. The remaining
difference between the experiment and simulation can be explained by the points
listed above and some other unnoticed differences but, in total, they do not ac-
count for a large difference in costs. As stated in subsection 2.2.1, the electrical
loads and possible power losses of the system are not separately measured; there-
fore, the simulation uses data combining the two. The possible power losses could
depend on the home battery and EV usage, which would not be reflected in the
simulation and needs to be further investigated in future work. Nonetheless, the
simple battery model (see eq. (2.9)) and the capacity and efficiency parameters
provided by the battery manufacturers (see table 2.1) were sufficiently accurate
to perform meaningful simulations.

2.4  CONCLUSION

This chapter presented the results of the real-world experimental validation of a
novel machine learning method using a metaheuristic algorithm to generate an
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interpretable control policy modelled as a decision tree (i.e., TreeC [45]). This,
together with the comparison between an MPC, a RL, an RBC and an explain-
able Tree-based EMS on any case study, simulated or otherwise, using a novel
evaluation procedure, aimed to be as fair as possible. We come to the following
conclusions:

— The RBC, TreeC and MPC EMSs obtained a similar economic performance
with only a 0.6% difference in cost between the three. The results highlight
the importance of representative training data for the TreeC EMS and
expert implementation for the MPC EMS to obtain better performances in
real implementations;

— A pre-trained, yet model-free, RL agent still has a considerably long training
time (even with hyperparameters chosen for a higher learning rate) and,
therefore, monetary training cost that would need to be set off against the
extra (if any) cost of other methods (e.g. modelling time);

— With the MPC experiment errors reproduced in simulation, the difference
in costs between experiment and simulation ranges from 1% to 4.5% for
all EMSs. This difference is in part explained by the simulation using a
single net consumption value per time step for the energy exchanged with
the grid, while the experiment measures both imported and exported energy
per time step. Overall, the simulations rather accurately represented reality
in terms of cost and were essential to finding the MPC errors and TreeC
training data issues;
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CHAPTER 3

Analysis of installing EMSs in an electrified Belgium

3.1 INTRODUCTION

€D |4
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Figure 3.1: Representation of the energy grid analysed in this chapter. The
optimized metrics indicated in orange are EV charge completion, electricity cost,
and thermal comfort. The controlled assets indicated in green are the EV charger,
water heater, and heat pump.

An effective management of energy assets in residential buildings is becoming
increasingly relevant in Belgium. This is driven by the increasing electrification
of our energy systems, the adoption of dynamic electricity pricing, and the imple-
mentation of grid peak tariffs in the residential sector [44]. As these systems and
regulations become more complex, the question arises: What are the benefits of
implementing an advanced energy management system in electrified dwellings ?

This chapter aims to answer this question by simulating a set of representative
Belgian dwellings which have been electrified and are subject to dynamic pricing
and grid peak tariffs. The electrification of the dwellings is achieved by replac-
ing the traditional heating systems with air-to-air heat pumps, adding domestic
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electric vehicle chargers due to the replacement of petrol cars with electric vehi-
cles, and replacing gas water heaters with electric water heaters. Other dwelling
characteristics such as the presence of photovoltaic panels, insulation level, and
construction type are kept close to current Belgium situation according to the
most recent statistics we could find. Real-world datasets are used for base electric-
ity consumption, domestic water usage, electric vehicle charging sessions, photo-
voltaic production, weather data, and electricity tariffs. Two years of data (2022
for training, 2023 for evaluation) are used, reflecting a realistic scenario where a
household adopts an EMS in January 2023 based on data from the previous year.
Home batteries are excluded from the analysis, as their adoption remains limited
in Belgium. According to available statistics, about 3% of dwellings had a home
battery in 2024 [23]. Replacing gas boilers with heat pumps and petrol cars with
electric vehicles is essential for reducing fossil fuel use, while the case for home
batteries is less evident.

This study compares three distinct energy management system (EMS) strate-
gies: rule-based control (RBC), which mimics the default operation of residential
energy assets; model predictive control (MPC), a state-of-the-art optimization-
based approach; and TreeC, a machine learning-based method that models EMS
strategy as decision trees. In addition to these realistic EMSs, a model predictive
control EMS with perfect forecast (MPC P) is also compared to show a maximum
performance an EMS could technically achieve.

Buying a home EMS through a professional is advertised as costing between
280€ and 680€ with some additional subscription costs ranging between 0€
and 360 € per year [34]. An EMS can be implemented cheaper using for example
Home Assistant and the additional EMHASS module [26, 13] for which the basic
hardware costs close to 100€ but usually requires some technical knowledge to
set up and configure. To these basic costs can be added the maintenance, more
expensive compatible equipment and additional necessary sensors.

This chapter addresses the following research questions for a representative set
of electrified Belgian dwellings:

— What are the benefits of EMSs like TreeC and MPC compared to a simple

RBC in terms of cost savings, thermal comfort and EV charging satisfaction
?

— How much can algorithmic improvements realistically improve these bene-
fits 7

— What is the influence of different dwelling characteristics on cost savings ?
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3.2 BUILDING A REPRESENTATIVE SET OF BELGIAN
DWELLINGS

This section describes the methodology for constructing a set of 500 representative
Belgian dwellings. Each dwelling is first assigned a set of characteristics (such
as region, number of rooms, and insulation level) based on the latest available
Belgian statistics (see subsection 3.2.1). Using these characteristics, a simulation
model is created for each dwelling, incorporating real-world data sources (see
subsections 3.2.2 to 3.2.6). This process yields 500 unique simulation models, each
reflecting its own set of characteristics and data inputs. The overall methodology
is illustrated by the flow chart in fig. 3.2.
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Figure 3.2: Flow chart of this study’s methodology to simulate a dwelling. Blue
nodes represent the sampled characteristics of the dwelling (subsection 3.2.1),
orange nodes represent the data and simulation models used for each part of the
dwelling (subsections 3.2.2 to 3.2.6), green nodes represent the possible control
actions of the assets (section 3.3), and the red node is the dwelling simulation
that combines everything together.
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3.2.1 DWELLING CHARACTERISTICS

Different statistics were collected to build the set of 500 representative Belgian
dwellings. This section goes through each of them giving the source and expla-
nation when necessary. In the following tables, each cell shows the percentage
of all dwellings that have both the characteristic specified by the row and the
characteristic specified by the column.

To assign characteristics to the 500 representative dwellings, the number of
dwellings with each characteristic is calculated by multiplying the relevant per-
centage by 500. For example, according to table 3.1, 10.6% of dwellings are in
Brussels, 57.4% in Flanders, and 32.0% in Wallonia, resulting in 53 dwellings in
Brussels, 287 in Flanders, and 160 in Wallonia. This establishes the initial pool
of unassigned characteristics.

Assignment proceeds sequentially, starting with the most independent charac-
teristic (region), and moving towards the most dependent (number of bedrooms
and surface area) as illustrated by fig. 3.2. For each dwelling, characteristics are
sampled randomly from the remaining pool, using any already assigned charac-
teristics as conditional constraints. This process continues until all dwellings have
a complete set of characteristics, and the overall distribution matches the target
statistics.

The percentage for the number of dwellings per region (table 3.1), the presence of
central heating (table 3.2) and the number of rooms (table 3.3) are all obtained
from the 2021 Belgian Census which gives the total number of dwellings fitting
each characteristic without need for extrapolation [52, 51]|.

The number of bedrooms data from table 3.4 comes from an extrapolation of
Meireles et al. [36]. The source gives the number of bedrooms of 9206 Belgian
apartments. To fit better to the global Belgian situation with 66% houses (see
table 3.8), the total proportion of 0 and 1 bedroom dwellings was reduced by 25%
and the total proportion of 3 to 6 bedroom dwellings was increased by 47.3% to
match the reduction of the 0 and 1 bedroom dwellings. The correlation between
the number of bedrooms and the number of rooms is established using common
sense with the total bedroom and total room proportions as a constraint (see
table 3.3). Meireles et al. [36] indicates that the number of bedrooms in a dwelling
is a good indicator of average water consumption. The number of bedrooms is
used solely to determine the appropriate hot water consumption profile to assign
to the dwelling, as detailed in subsection 3.2.3.

The surface area data from table 3.5 comes from tables V.24 and IV.28 of
Vanneste et al. [55]. Table IV.24 gives the number of dwellings with a certain
surface area per region. Table IV.28 gives the number of dwellings with a certain
number of rooms per region. The correlation between the number of rooms and
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the surface area is determined to ensure that the final proportions per region
closely match those presented in tables IV.24 and IV.28 of Vanneste et al. [55].

The garage and car ownership data from table 3.6 comes from page 68 of Hubert
and Toint [28]. The source gives the proportion of dwellings that have a garage in
each region and the proportion of people with a garage that have at least one car.
Table 3.6 shows the combination of these two proportions, it is used to determine
the proportion of dwellings that would have a EV charger in each region.

The photovoltaic data from table 3.7 comes from different sources for the different
regions. The number of photovoltaic installations in Brussels and Flanders comes
from Brugel [5] and Vlaams Energie- en Klimaatagentschap [56| respectively. For
Wallonia, the proportion of dwellings with a photovoltaic installation is given by
Lallemand [32].

The construction type data in table 3.8 combines two sources: Statbel [50], which
provides the proportion of houses and apartments in each region, and Figure IV.13
from Vanneste et al. [55], which details the breakdown of terraced, semi-detached,
and detached constructions by region.

The insulation data in table 3.9 is based on Recticel Insulation [43|, which re-
ports the proportions of dwellings with roof, wall, and ground insulation in each
region. However, the source does not specify the exact overlap between these
insulation levels (e.g., how many dwellings have both wall and roof insulation,
or all three types). To construct the final table, the following assumptions were
made: dwellings with ground insulation also have wall and roof insulation, and
dwellings with wall insulation also have roof insulation. This approach ensures
that the total proportions match the source data while providing a reasonable
estimate of the distribution of combined insulation levels.

Table 3.1: Distribution of dwellings per region [52]

Brussels

Flanders

Wallonia

10.6%

57.4%

32.0%

Table 3.2: Distribution of dwellings with central heating [52]

Brussels | Flanders | Wallonia || Total
With central heating 10.1% 51.9% 27.4% 89.4%
Without central heating | 0.5% 5.5% 4.6% 10.6%
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Table 3.3: Distribution of dwellings per number of rooms [51]

Brussels | Flanders | Wallonia || Total

1 room 0.3% 0.5% 0.4% 1.2%
2 rooms 0.8% 1.6% 1.0% 3.4%
3 rooms 2.1% 4.6% 2.5% 9.2%

4 rooms 3.2% 10.0% 5.1% 18.3%
5 rooms 1.8% 14.0% 7.4% 23.2%
6 rooms 0.9% 12.6% 7.1% 20.6%

7 rooms 0.5% 7.3% 4.1% 11.9%
8 rooms 0.4% 3.6% 2.3% 6.3%
9-+- rooms 0.6% 3.2% 2.1% 5.9%

Table 3.4: Distribution of dwellings per number of bedrooms [36]

Numberof |,y |5 |y 5 6 7 | 8 | 9+ | Total
rooms
0 bedroom [0.4% |1.2% | 2.5% [2.5% | 2.0% | 0.3% - - - 8.9%
1 bedroom | 0.8% [ 2.2% | 5.6% | 5.6% | 4.6% | 1.2% - - - 20.0%
2 bedrooms | - - 11.1% [ 8.2% [ 12.3% | 10.3% | 5.1% | 2.1% | 2.0% || 41.1%
3 bedrooms | - - - 12.0% | 4.0% | 6.5% |5.1% |2.2% | 2.1% || 21.9%
4 bedrooms | - - - - 0.3% | 2.2% [1.4% [ 1.3% | 1.0% || 6.2%
5 bedrooms | - - - - - 0.1% [0.3% | 0.6% | 0.5% || 1.5%
6 bedrooms | - - - - - - - 10.1%|0.3% | 0.4%

Table 3.5: Distribution of dwellings per surface area [55]

Number of | 2 3 4 5 6 7 8 | 9+ || Total
rooms
=35m2 [ 1.1%|1.7%0.9% | - 3 3 3 } = 137%
35-54m2 | 0.1% | 1.0% | 2.8% | 5.5% | 4.6% | 3.1% | - : - 17 1%
55-84m2 | - |0.7%|3.7% | 7.3% | 7.0% | 5.1% | 1.2% | - = 1125.0%
85-104m? | - = [18% [3.7% | 7.0% | 6.2% | 3.6% | 0.5% | 0.5% || 23.3%
105-124m2 | - ; = [1.8% | 23% [4.1% | 3.6% | 1.6% | 1.5% || 14.9%
~124m? | - : - = 123%|2.1% | 3.5% | 4.2% | 3.9% || 16.0%

Table 3.6: Distribution of dwellings with a garage and a car 28]

Brussels | Flanders | Wallonia || Total
With garage and car 3.8% 42.7% 22.4% || 68.9%
Without garage or car | 6.8% 14.7% 9.6% 31.1%

Table 3.7: Distribution of dwellings with photovoltaic installation |5, 56, 32|

Brussels | Flanders | Wallonia || Total
With photovoltaic 0.2% 19.2% 6.4% 25.8%
Without photovoltaic | 10.4% 38.2% 25.6% || 74.2%

Page 40 of 77

ECOFLEX
Deliverable D5.2: Multi-energy community energy management



Table 3.8: Distribution of dwellings per construction type [55]

Brussels | Flanders | Wallonia || Total

Terraced house 1.3% 11.7% 8.4% 21.4%
Semi-detached house | 0.2% 10.6% 5.2% 16.0%
Detached house 0.1% 18.6% 10.1% 28.8%
Apartment unit 9.0% 16.5% 8.3% 33.8%

Table 3.9: Distribution of dwellings by insulation level [43]

Brussels | Flanders | Wallonia || Total

No insulation 1.3% 7.8% 11.5% 20.6%

Roof insulation 5.6% 16.5% 15.5% || 37.6%

Wall and roof insulation - 10.7% 0.2% 10.9%
Ground and roof insulation 0.1% - - 0.1%
Ground, wall and roof insulation | 3.6% 22.4% 4.8% 30.8%

3.2.2 DWELLING THERMAL AND HEAT PUMP MODELS

The thermal models are created using the Openstudio-HPXML workflow [27].
This workflow takes as inputs the various characteristics of the dwelling, in this
case construction type, insulation level and surface area, and returns and .idf file
containing a detailed thermal model of the dwelling with a properly sized heat
pump that can then be used for Energyplus [11] simulations (see fig. 3.2).

The roof and ground are insulated with an R-value of 6.4 m?K/W and the walls
with a value of 7.3 m?K /W following the values from Recticel Insulation [43]. The
uninsulated R-values are averages of typical Belgian building constructions: 0.5
m?K /W for the walls, 0.3 m?K/W for the roof and 0.4 m?K/W for the ground,
as reported by Energie+ [16].

The windows U-values correspond to single glazing (5.8 W/m?K), double glazing
(2.8 W/m2K) and triple glazing (0.6 W/m?K) values from Energuide.be [17].

The air tightness values are taken from Laverge et al. [33] and correspond to the
median air tightness values for Belgian houses:

— Constructed between 1990 and 1995 (9.3 ACHs)

Constructed between 2007 and 2010 and randomly sampled (5.5 ACHsp)

— Constructed between 2006 and 2013 and sampled from engaged owners that
reported their air tightness levels (2.9 ACHj)

— With high energy performance (1.4 ACHj)
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The link between the insulation level, the window U-values and the air tightness
is shown in table 3.10.

Table 3.10: Window U-values and air tightness values

Insulation level Window U-value | Air tightness
No insulation 5.8 W/m?K 9.3 ACHsq
Roof insulation 2.8 W/m?K 5.5 ACHsq
Double insulation 2.8 W/m?K 2.9 ACHsg
Ground, wall and roof insulation 0.6 W/m?K 1.4 ACHjs

Since only ranges of surface areas are given in the statistics from table 3.5, each
range is assigned a specific value as input to the Openstudio-HPXML workflow.
The surface area is set to 25m? for the dwellings of <35m?, 150m? for the dwellings
of >124m? and the average of the upper and lower bounds for the other surface
area categories (e.g. 70m? for the 55-84m? range).

The dwelling’s heating and cooling are managed by an air-to-air heat pump.
This type of heat pump was selected due to its higher sales volume compared
to air-to-water and geothermal heat pumps in Belgium [18]. The heat pump is
modelled with a primary heating coil and a primary cooling coil, both operating
via a compressor. Additionally, it includes a backup electric resistance heating
coil that activates only when the primary heating coil cannot meet the heating
demand. The heat pump is also modelled with a resistive defrost heater to prevent
ice formation. The heat pump is controllable by setting a heating and cooling
set point temperature.

The historical weather data for Brussels is used in all simulations and was down-
loaded using the Weather Data Downloader from Oikolab [37]. The obtained
weather data file is in .epw format.

The simulation is conducted in EnergyPlus using the generated .idf thermal model
file and the .epw Brussels weather data file as inputs. Subsection 3.3.1 details
how the heat pump is controlled during the simulation.

3.2.3 DOMESTIC HOT WATER

The domestic hot water system is modelled as a storage tank following the equa-
tions from Dolan et al. [14| with a hot water consumption profile extrapolated
from the DAIAD Project [12] dataset.

The hot water tank is modelled using the equations presented in eqs. (3.1)
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R
By = p"c"Fy (3.1)
R, = !
' G+ B
At
= e ()
where:
C [J/K] tank heat capacity

p¥ |kg/m?| water density (1000 kg/m?)

" [J/kg/K]  specific heat capacity of water (4186 J/kg/K)
V [m?] tank volume

G, By, R;, D; intermediate parameters and variables

SA [m?| tank surface area

R [m?*K/W]  tank insulation R-value (used: 10 m?K/W)
Fy [m3/s] water flow rate at time ¢

At [s] time step duration

.

tank tank / / rinlet heat /
Tk = p, Ti*k 4 | GRT™™ 4+ BR/T™ 4+ p PR, | (1-D,) (3.2)
N 7 N ~~ o N ~~ > ~~ o
init temp loss to room loss inlet water gain heater

where:

T |°C]  mean tank temperature at time ¢
Troom [°C|]  ambient room temperature (used: 15 °C)

Timet [°C|]  inlet (mains) water temperature at time ¢
heater
et

P, (W] heater power at time ¢

heater efficiency (used: 1)

The DATAD Project [12| dataset comprises two and a half years of hourly water
consumption data from 1007 households in Alicante. Meireles et al. [36] studied
the water consumption of 9206 Belgian apartments and gave a month dependant
ratio between total water consumption and hot water consumption. The mean
of the monthly ratios is 32.3% with a standard deviation of 2.5% between the
months. The water consumption profiles from the DATIAD Project [12] dataset
are converted to hot water consumption profiles by multiplying each month’s data
by the corresponding monthly hot-to-total water ratio.

The study also gives statistical links between water consumption and the number
of bedrooms in the apartments. A probability distribution is created linking the
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number of bedrooms to an estimated average hot water consumption in order to
link a dwelling with a hot water consumption profile.

To sample the daily hot water consumption given a number of bedrooms in a
dwelling, we use an inverse Gaussian distribution. An inverse Gaussian distri-
bution is defined by its mean, shape and location parameters. Each bedroom
count gets its own distribution, with the mean value taken directly from Meireles
et al. [36]. The study also provides overall statistics (median, standard deviation,
skewness, kurtosis) for hot water use across all apartments.

We assume the same shape and location parameters for all distributions. These
parameters are fitted so the combination of distributions matches the median
value reported in the original dataset. The obtained shape and location parame-
ters are 67.68 and 0 respectively. The resulting probability density functions for
each bedroom count are shown in fig. 3.3.

The mean and median of the combination of distributions is therefore the same
as the original dataset but the standard deviation (77.2 for dataset vs 65.5 for
distribution), skewness (61.3 for dataset vs 5.4 for distribution) and kurtosis
(11.3 for dataset vs 66.6 for distribution) are still different. Knowing the exact
distribution for each bedroom count would require the original data which is not

available.
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Figure 3.3: Probability density function of the estimated average daily hot water
consumption per number of bedrooms in a dwelling. The mean value of the
distribution is indicated by the vertical dashed line.

The hot water consumption profile for a dwelling is determined by sampling
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from the inverse Gaussian distribution that matches the number of bedrooms in
the dwelling. The profile selected is the one with the average daily hot water
consumption closest to the sampled value.

In addition to the hot water consumption profile, the model from Dolan et al.
[14] need a temperature for the incoming cold water from the mains. Fuentes
et al. [21] established that a sinusoidal function, which provides the mains water
temperature as a function of the month is a good approximation. The upper and
lower bounds of the sinusoidal function are set to 11°C and 16 °C respectively

[53].

The water heater is modelled as an electric resistance heater with a heater effi-
ciency (n"¢@er) of 1. The volume of the storage tank is three times the expected
average daily hot water consumption determined by the number of bedrooms to
account for peak consumption periods (so 146 litres for a dwelling with 1 bedroom
and 363 litres for a dwelling with 6 bedrooms).

3.2.4 EV CHARGER

The dwellings sampled to have a garage and a car (see table 3.6) are equipped
with an EV charger for electric vehicle. Each simulation uses a real user charging
profile, which is a record of every home charging session information that occurred
over the year. These profiles are sourced from Sgrensen et al. [49]. This dataset
includes the arrival time, departure time and charged energy of each charging
session of electric vehicles from 267 users charging at 12 residential locations in
Norway. The dataset also provides assumed arrival and departure state of charge,
battery sizes and maximum charging powers for each charging session [47|. All
charging profiles containing more than 600 days of data were included in this
study, resulting in a total of 16 profiles. Each dwelling with an EV charger is
randomly assigned one of these 16 charging profiles.

Table 3.11: Summary statistics of the 16 EV charging profiles used in this study.

Statistic Mean Std. dev.
Total energy charged per profile per year 2414 kWh | 1464 kWh
Number of sessions in a year per profile 193.6 131.2
Session duration across all profiles 12h16min | 11h12min
Session SOC charged across all profiles 31.7% 20.0%
Std. dev. of session duration per profile 9h46min 5h32min
Std. dev. of session SOC charged per profile 17.3% 2.6%

Table 3.11 summarizes the variability in the EV charging profiles.

On average, each EV charges by 2414 kWh per year at home. Assuming an EV
efficiency of 0.191 kWh/km [19], this equates to an annual driving distance of
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12638 km. This figure is close to the average yearly travelled distance by Belgian
cars of 14420 km [6], especially considering that not all users charge their EV
exclusively at home.

On average, each profile has about 194 charging sessions per year, but this number
varies widely between users (standard deviation: 131). The typical charging
session lasts 12 hours and 16 minutes, with a standard deviation of 11 hours and
12 minutes, showing that some sessions are much shorter or longer than others.
The average state of charge (SOC) charged per session is 31.7%, but again, this
varies a lot (standard deviation: 20%). Even when looking at individual profiles,
the average standard deviation within a user’s sessions remains high at 9 hours
and 46 minutes for session duration, and at 17.3% for charged SOC.

In summary, the average charged energy per year across the users is typical for
Belgian drivers, and EV charging behaviour is highly variable both between users
and from session to session for the same user. This highlights potential challenges
in predicting this behaviour for energy management systems.

The model of the charged electric vehicle is defined by eq. (3.3):

T]charge % Pgharge % At

SOCtH = SOCt + Ebatt (33)
where:
SOC; [H State of charge of the EV battery at time ¢
P8 [KW]| Power of the charger at time ¢
At |h] Time step duration
E™ [kWh| Energy capacity of the battery
peharee || Charging efficiency

The maximum charging power provided in the dataset for the 16 charging profiles
is 3.7 kW. We are aware that home chargers in Belgium generally have a higher
maximum power (7.4 kW or 11 kW) but we chose to keep the dataset’s maximum
charging power because the maximum power of the charger could influence the
user’s charging profile unpredictably (e.g. shorter connection times).

The charging efficiency n®ee is set to 88% and the departure SOC is always 95%
which are the assumptions made by Sgrensen et al. [47] for the dataset.

3.2.5 PHOTOVOLTAIC PANELS

The PV panels are simulated using real Belgian PV production data available on
a b-minute granularity from the PVoutput.org website [41]. A total of 380 PV
profiles were downloaded from the website, representing all installations with a
capacity below 10 kW that recorded measurements for at least 95% of the days
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in both 2022 and 2023. Each dwelling with PV panels is randomly assigned a PV
profiles from its corresponding region out of the 380 profiles.

3.2.6 ELECTRICITY CONSUMPTION

The electricity consumptions are simulated using real house electricity consump-
tion profiles available on a 2-minute granularity for houses located in Hamelin,
Germany [46]. The heating and cooling electricity consumption is measured sep-
arately from the rest of the electricity consumption, this study only uses the rest
of the electricity consumption.

Out of the 38 profiles available in the dataset, this study used the 22 profiles
with data available for at least 98% of the time steps for the years 2019 and 2020.
Since all missing data must be imputed for the simulation, this threshold ensures
that only a minimal amount of data requires imputation.

The 22 consumption profiles have an average annual electricity consumption of
2833 kWh, with a standard deviation of 862 kWh. For comparison, the average
Flemish household consumed 2 534 kWh according to VREG, while the European
average reported by Eurostat is 3500 kWh [57]. These profiles are therefore rea-
sonably representative of typical household yearly consumption, with the added
benefit of being based on real, high-resolution measurements.

3.2.7 ELECTRICITY PRICES

The real-time pricing used in this study is based on a one-year dynamic contract
of a major Belgian energy supplier, as if it were taken in January 2023'. The total
cost is composed of four costs with different pricing mechanisms: the day-ahead
cost, the offtake extras cost, the peak cost and the fixed yearly cost.

The day-ahead cost depends on the prices of egs. (3.4) and (3.5).

(Vdy, +0.002457) x 1.06 if (Vidy 4 0.0025) > 0

VOt = < . (34)
(Vd; +0.0025557 ), otherwise
, €
where:

Vo, [€/kWh| Offtake price at time step ¢
Vi, [€/kWh| Injection price at time step ¢
Vd, [€/kWh| Belgian day-ahead hourly price

'Full contract available on the paper’s GitHub repository at https://github.com/EVERG
i/ems_adoption_electrified_belgium_paper
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Table 3.12 summarizes the Belgian day-ahead electricity prices (V'd;) from 2020 to
2024. The table highlights significant year-to-year variation, with 2022 standing
out as an exceptional year due to unusually high prices. In contrast, 2023 falls
within the typical range observed over recent years.

Table 3.12: Belgian day-ahead electricity prices for 2020-2024. All values are in
€/kWh.

Year | Mean | Std. dev. | Min | Max
2020 | 0.032 0.017 -0.115 | 0.200
2021 | 0.104 0.079 -0.070 | 0.620
2022 | 0.245 0.135 -0.100 | 0.871
2023 | 0.097 0.046 -0.120 | 0.330
2024 | 0.070 0.0430 | -0.140 | 0.566

A value-added tax of 6% is added to the offtake price when it is positive. Extra
costs that occur for energy taken from the grid for transport, distribution and
taxes are calculated together and labelled as offtake extras cost. The offtake price
for all these additional offtake costs V' f is 0.079 €/kWh.

The monthly peak offtake cost C'p, is calculated by eq. (3.6).

EOt
Cpm =Vp X trggfj(ft, 2.5kEW) (3.6)

where:
Vp [€/kW| Peak price (used: 3.66 €/kW)
FEo; [kWh|  Energy taken from the grid at time step ¢
B, Set of time steps in month m
At |h] Length of time step

This cost adds a penalty to the highest offtake power measured over any 15
minute time step within each month. The offtake energy is divided by the length
of a time step to obtain the power in kW. A minimum monthly peak power of
2.5 kW is enforced in the cost, even if the measured peak power is lower.

The monthly peak offtake cost, otherwise called capacity tariff, is a pricing mech-
anism applied to all residential consumers equipped with a digital meter in the
Belgian region of Flanders. The goal is to incentivize consumers to lower their
peak offtake power from the grid.

Finally, part of the electric bill is a fixed yearly cost C'y of €115.23 per year.

The total electricity cost C'tot is calculated by eq. (3.7).
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Ctot = Eo Vo, — EiyVi,) + EoVf + Cpm+ C 3.7
0 Z(Otot itViy) ZOtf ZP \/Z{/ (3.7)

\tGT \tGT meM yearly cost

Vv VvV
day-ahead cost offtake extras cost peak cost

where:

T  Set of all time steps
M  Set of all months

3.3 ASSET MANAGEMENT

The three controllable assets, when present in the dwelling, are the air-to-air heat
pump, the water heater and the electric vehicle charger.

Every simulation is run for a period of one year with a time step of 15 minutes
as this is the time period used to calculate the peak electricity cost in Belgium
(see eq. (3.6)). The EMS can change at each time step the cooling and heating
temperature set points of the heat pump, the electric power of the water heater
and the charge power of the electric vehicle charger.

3.3.1 HEAT PUMP CONTROL

The heat pump operates within a default comfort range. If the indoor tempera-
ture is outside the comfort range, the heat pump will bring the indoor temperature
back to the comfort range. The EMS can set a heating or cooling temperature
set point within this comfort range.

Based on different studies, Peeters et al. [38] established usable comfort ranges
for the different rooms of a residential building. The comfort range depends
on the reference external temperature Tj’ref which is based on the minimum
and maximum temperatures of the current and the last three days as shown in

eq. (3.8).

T3 4+0.8 x Ty + 0.4 x Ty 4+ 0.2 x Ty,
2.4

T = (3.8)

where:
Ty Average of the maximum and minimum temperature on day d

To avoid relying on weather forecasts for 7", this study uses T} as a substitute
in the calculation. The mean absolute difference in the resulting comfort range
is only 0.18 °C (standard deviation 0.24 °C), showing that this simplification has
minimal impact while reducing forecast dependency.
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For each room a neutral temperature 77 is calculated based on the reference ex-
ternal temperature Tde’ref . The neutral temperature represents the temperature
at which most people would feel comfortable in the room. From 7} a comfort
range is calculated using the width of the comfort band w and the band asymme-
try parameter o. This study uses a width w of 5 °C and an asymmetry parameter
a of 0.7 which corresponds to a 10% predicted percentage of dissatisfied (PPD)
users [38].

For the bedroom T} is calculated as shown in eq. (3.9).

(16°C if 727 < 0°C
T = 0.23 x To" 4 16°C if 0°C < T < 12.6°C (39)
0.77 x TS +9.18°C' if 12.6°C < T9™ < 21.8°C
| 26°C if 7" > 21.8°C

The comfort range for the bedroom is calculated as shown in eq. (3.10).

T = max(16°C, T} —w x (1 — a))

w (3.10)
T} = min(26°C, T} +w X «)

where:
Tl Lower bound of the comfort range at time step ¢

T, Upper bound of the comfort range at time step ¢

For the rooms of the house other than the bedroom and the bathroom, 77} is
calculated as shown in eq. (3.11).

o _ ) 204°C+0.06 T i T < 12.5°0 (3.11)
T )16.63°C +0.36 x TS i T > 12.5°C '

The comfort range for the rooms of the house other than the bedroom and the
bathroom are calculated as shown in eq. (3.12).

Y = max(18°C, T} — w x (1 — a)) (3.12)
/" =T +wX« .

Figure 3.4 illustrates how the comfort temperature bounds T7°* and T, vary with
the reference external temperature T} "¢l for both sleeping and home occupancy
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profiles. For an example of how the comfort range evolve throughout a weekend,
check fig. 3.6.
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Comfort range when at home
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Figure 3.4: Illustration of the comfort temperature ranges for sleeping and home

occupancy profiles as a function of the reference external temperature Tj’ref .

The plot covers Tde’mf values from —9°C to 28 °C, representing the coldest and
warmest reference temperatures observed in Belgium during the 21st century.

Aerts et al. [1] defines a set of occupancy profiles out of 3474 Belgian households.
The paper finds 7 daily occupancy profiles representative of people’s behaviour
which cover 79% of the evaluated households. The occurrence of each profile
depends on whether the day is a weekday, Saturday, or Sunday. In these profiles,
the household is either at home, absent or sleeping.

Each dwelling is assigned one of the 7 representative occupancy profiles for the
weekdays, Saturdays, and Sundays based on the distribution provided by Aerts
et al. [1]. The occupancy profiles are used to determine the comfort range of the
dwelling at each time of the day. When at home, the comfort range is defined
by eq. (3.12), when sleeping by eq. (3.10) and when absent the range is set to
Tlow = 5°C and T, = 40°C..

3.3.2 WATER HEATER CONTROL

The hot water tank has a temperature range from 55 °C to 65 °C that it should
maintain. These values are the minimum and maximum domestic hot water
temperatures from the European, Australian, Canada, Japan and Unites States
standards [21]. If the water temperature goes below 55 °C, the water heater
will heat the water at maximum power for one 15 minute time step. Whenever
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the water temperature is above 65 °C, the water heater will not heat the water.
Otherwise, the water can be heated between 0 kW and the maximum power of
the water heater.

3.3.3 ELECTRIC VEHICLE CHARGER CONTROL

The electric vehicle charger is controlled by setting a power between 0 kW and
3.7 kW. Once the required departure state of charge is reached, charging stops.
Currently, most EVs do not provide information about their battery’s state of
charge [47]. Therefore, in this work, the EMSs are assumed to operate without
knowledge of the battery’s state of charge.

For dwellings with an EV charger, two types of simulations are run. In the
first, the EMS fully controls EV charging, allowing to assess how well each EMS
charges the EV (see figs. 3.7d and 3.8). In the second, charging is enforced so the
EV always reaches full charge before departure, ensuring a fair cost comparison
across EMSs (see figs. 3.7a, 3.7b, 3.9 and 3.10).

In the enforced scenario, if the EV is not fully charged near departure, the charger
switches to 3.7 kW to guarantee a full charge, simulating a driver’s request for a
complete charge before leaving.

3.4 ENERGY MANAGEMENT SYSTEMS

3.4.1 RULE-BASED CONTROL

The rule-based control EMS uses simple, predefined strategies for each control-
lable asset, reflecting typical default operation modes of these assets:

— Heat pump: The heat pump setpoint is determined by obtaining the
comfort range for the next 1 hour and 30 minutes. The controller gets the
highest lower bound (77°“) and the lowest upper bound (7;7) during this
period and sets the heating and cooling setpoints to these values.

— Domestic water heater: The water heater operates at maximum power
for 15 minutes whenever the tank temperature drops below 55 °C.

— Electric vehicle charger: The EV is always charged at the maximum
power.

The 1 hour and 30 minute time horizon was selected based on the final results to
ensure that the rule-based controller achieves a thermal discomfort level similar
to the other EMSs (see fig. 3.7¢).
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3.4.2 MODEL PREDICTIVE CONTROL

Model predictive control (MPC) is a control strategy that optimizes the operation
of controllable assets over a prediction horizon by solving an optimization prob-
lem at each time step. The MPC uses a mathematical model of the assets and
predicts all necessary parameters such as weather, electricity prices, and energy
consumption of non-controllable assets to define the set points for the controllable
assets.

This study implements two MPC approaches: a realistic MPC (MPC) and a
perfect forecast MPC (MPC P). The realistic MPC is a state-of-the-art control
algorithm for EMSs. The perfect forecast MPC serves as an unrealistically per-
formant EMS to indicate an upper EMS performance limit.

The realistic MPC uses realistic forecasts for most parameters and uses a predic-
tion horizon that extends up to when day-ahead prices (V'd;) are available, that
is until midnight of the current day if before 14:00 Central European Time or
until midnight of the following day if after 14:00, resulting in a horizon ranging
from 10 hours and 15 minutes to 34 hours. MPC P uses a perfect forecast for all
parameters and has a fixed prediction horizon of 48 hours.

Both MPC approaches are implemented using the Gurobi solver [25].

3.4.2.1 Mathematical model
The MPC model is formulated as a mixed-integer linear programming problem.

The dwelling’s thermal model is approximated using the resistor-capacitor anal-
ogy for thermal modelling [35, 15]. Equation (3.13) shows the implementation of
this model in the MPC. EnergyPlus does not allow to control the power of the
heat pump directly so the control setpoint used is the temperature of the model
at the next time step (7;7;).

Tzn _ Tltm Eout . Em

Crdwell Zt+1 pump AQSun 3.13
A7 TR + Q4 + gAQ; ( )
where:
Cawell [J/K| Thermal capacitance of the dwelling
" K| Indoor temperature at time step ¢
T K] Outdoor temperature at time step ¢

TR [K/W|  Thermal resistance of the dwelling
Q"™ [W]  Thermal power of the heat pump at time step ¢
?]

gA |m Solar aperture

sun [W/m| Solar irradiance at time step ¢
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The primary heating and cooling coils and the backup heating coil are modelled
linearly using a fixed efficiency conversion between the electric power the thermal
power as shown in eq. (3.14).

Qi?ump — 77heatf)theat _ 77coolPtcool + nbackupptbaCkuP (314)

where:

n! [-]  Efficiency of the heat, cool or backup coil
Pt [W]  Electric power of the heat, cool or backup coil at time step ¢

The total electric power of the heat pump P/*"" is modelled as the sum of the
electric power of the primary heating and cooling coils and the backup heating
coil as shown in eq. (3.15).

Ptpump — Ptheat + PtCOOl + Ptbadmp (315)

The parameters for the thermal capacitance (C%¢!), thermal resistance (T'R),
solar aperture (gA), and coil efficiencies (n¢at, neool nbackur) are calibrated by
fitting the MPC model to the detailed simulation results for each dwelling over
the year 2022.

When using the accurate simulation values for T, T/ Q" and Q3"", the
calibrated model from eq. (3.13) predicts the indoor temperature for the next
time step 7;7, with a mean absolute error of 0.12°C (standard deviation 0.14 °C)
across all dwellings. This outperforms a naive baseline that assumes the indoor
temperature remains constant, which yields a mean absolute error of 0.16°C
(standard deviation 0.31 °C). These results indicate that the simulation’s thermal
dynamics are more complex than those captured by the simplified RC model used
in the MPC.

The maximum electric power of each heat pump coil is constrained by the maxi-
mum capacities defined by the Openstudio-HPXML workflow for the respective
dwelling. The MPC model does not include the ventilation consumption and the
defrosting coil consumption present in the simulation model.

The indoor temperature 7" is constrained to be within the comfort range defined
in subsection 3.3.1 for the predicted horizon.

The water heater’s MPC model closely mirrors the simulation model by im-
plementing eq. (3.2) and enforcing heating at maximum power for 15 minutes
whenever the tank temperature falls below 55 °C. The main difference is that, in
the MPC model, the tank temperature is strictly limited to a maximum of 65 °C,
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rather than allowing it to exceed this value and simply disabling heating in the
following time step.

The electric vehicle charger is modelled using eq. (3.3) for the electric vehicle
charging and the charging session is constrained to charge a given amount of
energy in a given time period. This exactly matches the simulation model of the
charger.

The total electric power of the dwelling is the sum of the different assets as shown
in eq. (3.16).

F)ttotal — Ptpump 4 thater 4 F)tEV _ PtPV 4 Ptload (316)
Overall, the MPC model provides a close approximation of the simulation model.

3.4.2.2 Objective function

To calculate the objective function, the energy offtake Fo; and injection Ei; are
calculated using the total electric power P! following egs. (3.17) and (3.18).

PttOtalAt, if Pttotal Z 0
EOt = (317)
0, otherwise

o thtal At, if Pttotal <0

Eit -
otherwise

(3.18)

9

Model predictive control uses an adapted version from eq. (3.7) as its objective
function without the yearly cost, which cannot be optimized, and where the peak
cost increase is directly reflected on the prediction horizon (see eq. (3.19)).

Fo
M o . . _t
OMPC =Y " (Eo,Vo,— EijVi)+ > EoVf +I/p x max(—=, Pp)

teH teH ~—
A ~~ d ~~ d peak cost
day-ahead cost offtake extras cost
(3.19)
where:
H Set of time steps in the prediction horizon

Pp [kW] Previous grid peak power for that month (minimum 2.5 kW)
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3.4.2.3 Forecast

The forecasted variables used by the MPC’s model are:

— The outdoor temperature (7%)

The solar irradiance (Q"")

— The hot water flow (F})

— The arrival time of the EV

— The departure time of the EV

— The charged energy of the EV

The PV production (PFV)

— The base load consumption (Ptload)

MPC P uses the actual future values of all relevant variables over its 48-hour
prediction horizon.

For the realistic MPC, all non EV related variables in the next hour are predicted
using the most recent value, while subsequent time steps are predicted using
values from the preceding 24 hours at the same time of the day.

Predicting the arrival time of an EV is particularly challenging due to the high
variability in user behaviour. Therefore, the MPC only assumes that an EV
arrives when a new charging session starts. For each new charging session, the
departure time and charged energy are predicted using k-Nearest Neighbor (k-
NN) [10] regression as it showed good performance in Genov et al. [24] to predict
departure time and charged energy of EVs. The forecasting features used are
the arrival time and week day, the charged energy from the previous charging
session, the total connection time of the previous charging session, and the time
since the start of the previous charging session. The model is trained on the 2022
charging profile data of the dwelling the MPC is controlling and the k-NN model
is retrained with one additional charging session data every time a new charging
session is finished during simulation.

To account for prediction errors, if the MPC incorrectly predicts that the EV
is fully charged but it remains connected and not fully charged, the MPC will
schedule charging at 3.7 kW for the next 2 hours to ensure additional charging.
Conversely, if the MPC overestimates the departure time and the enforced charg-
ing behaviour was triggered at the previous time step (see subsection 3.3.3), then
the MPC assumes the EV will be charged at maximum power for the next 2
hours.
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3.4.3 TREEC
3.4.3.1 Training process

The training of TreeC is performed by evaluating the performance of different
decision tree based EMSs on the simulation of the year 2022. The enforced
charging mechanism described in subsection 3.3.3 is not used during the TreeC
training simulations.

Two changes have been made to the original TreeC method described in [45]:

— The covariance matrix adaptation evolution strategy was replaced by the
metaheuristic algorithm particle swarm optimization [31] as it performed
better in [44]|. This study used the particle swarm optimization algorithm
implemented in the Python library pygmo [4] with default parameters which
corresponds to the canonical particle swarm optimization algorithm de-
scribed in [40].

— After training, the best decision tree is pruned by iteratively removing leaves
whose removal does not degrade the objective function score by more than
5€ compared to the unpruned tree. This threshold is selected to bal-
ance performance and interpretability: it is low enough to avoid sacrificing
meaningful cost savings, yet high enough to eliminate leaves that contribute
minimally to overall performance.

The least used leaves are tested for removal first.

The TreeC EMS is trained in simulation with the particle swarm optimization
algorithm over 300 generations and a population of 200 individuals. This means
60 000 decision tree based EMSs are evaluated in simulation on the 2022 training
data and the best one is then selected. The population size of 200 was chosen
as it obtained better results for the real-world and non-unimodal benchmarks
of the IEEE Competitions in Evolutionary Computation compared to the more
historically implemented population sizes of 20-50 individuals [39]. To reduce the
risk of converging to a local optimum, five independent EMSs are trained and
pruned for each dwelling. The EMS with the best performance among the five is
then selected for use in the experiment.

The TreeC training was performed on a high performance computer composed of
Intel®) Xeon®) Gold, AMD EPYC™ 9384X and AMD EPYC™ 9535 processors.
Each training used 100 cores and evaluated 300 000 EMSs (60 000 metaheuristic
optimization X 5 to avoid local optimums). On average a training took 5 days
and 20 hours to complete with each EMS evaluation taking on average 34 seconds
on a single core corresponding to the simulation of the dwelling for one year.
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3.4.3.2 Decision tree model

The training can select from up to 23 different inputs to use as splitting features
in the decision trees. The inputs related to specific assets are not used in the
dwellings where the asset is not present.

The inputs are:

— The time of the day
— The day of the week

— The cosine of the day of the year, normalized so that —1 corresponds to
December 21 (winter solstice) and 41 to June 215 (summer solstice)

— Ppsset the average power of each asset (heat pump, water heater, the EV
charger, base load, PV) and total power for the previous time step (6 inputs)

— T;", the indoor temperature

— T!v the lower bound of the comfort range for the next time step, in 30
minutes and in 2 hours (3 inputs)

— Tfk the water tank temperature
— TPt the outdoor temperature

— @Q{"", the solar irradiance

— Vd;, the day-ahead price

— maxpey (Vdy) — Vd; the difference between the maximum and the current
price for the next 6, 12 and 24 hours with H being the set of future time
steps (3 inputs)

— Vd; — minpe g (Vdy), the difference between the current price and the min-
imum price for the next 6, 12 and 24 hours with H being the set of future
time steps (3 inputs)

The TreeC EMS can control the heat pump through three types of setpoints:
comfort rule-based, temperature setpoint and adjustment to indoor temperature.
The comfort rule-based setpoint in TreeC follows the same logic as in the rule-
based controller: it sets the heat pump setpoints for cooling and heating to
match the comfort range over a specified time window (see subsection 3.4.1).
Unlike the rule-based controller, however, TreeC select the length of this time
window anywhere from 0 to 12 hours. The temperature setpoint sets the heat
pump setpoints for cooling and heating to a fixed temperature between 5,°C
and 40 °C. The adjustment to indoor temperature setpoint sets the heat pump’s
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heating and cooling setpoints relative to the current indoor temperature 7;". For
heating, the setpoint is defined as T;" plus a fixed offset; for cooling, as T minus
a fixed offset. This fixed offset can be selected within the range of —2°C to 5°C.

The TreeC EMS control the water heater and EV charger by setting directly the
power of the asset.

3.4.3.3 Objective function

The TreeC EMS’s goal is to minimize the total electricity cost, keep the indoor
temperature within the comfort range, and charge the EV sufficiently before
departure. The total electricity cost C'tot is calculated using eq. (3.7).

Discomfort is measured in Kh (Kelvin-hours), which represents how long and by
how much the indoor temperature deviates from the comfort range. For example,
being 2 °C above the comfort range for 1 hour results in 2 Kh of discomfort.

The discomfort above the upper bound of the comfort range ¢,* and below the
lower bound 6% are calculated using eqs. (3.20) and (3.21).

A Ty — T,
6P = / max (—x + (T, = T;"), 0) dx (3.20)
0 At
At
T, — T,
Slow = / max (t—mx + (T —Ty), OK) dx (3.21)
0 At
where:
T; [K] Indoor temperature at time step ¢

At |h] Length of the time step
T;” [K]  Upper bound of the comfort range at time step ¢
T/ow |[K| Lower bound of the comfort range at time step ¢

The total discomfort cost C'd is calculated by eq. (3.22).

C6 = max(0€,wl x (Y (6 + 6,™*) — 30Kh)) (3.22)
teT
where:
Co €] Discomfort cost

wy [€/Kh] Penalty weight for discomfort cost (5 €/Kh)

A discomfort penalty is only applied if the total annual discomfort exceeds 30 Kh,
which corresponds to a low level of discomfort over the year. For any discomfort
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above this threshold, a penalty of 5€/Kh is imposed, strongly incentivizing the
EMS to maintain thermal comfort.

The cost for missed EV charging energy Ceparg is calculated using eq. (3.23).

Wy X E;m’ss’ if E;m'ss < E5%

wy X B 4wy x (B — E5%) otherwise

Ccharg = Z

seS

(3.23)

where:

Ceharg [€] Penalty cost for missed EV charging energy

S Set of all charging sessions

E™iss [kWh| Missed energy in session s

E°% [kWh|  Energy corresponding to charging the EV by 5% SOC

wy [€/kWh| Penalty weight for missed energy up to E°% (0.5 €/kWh)
w3 [€/kWh] Penalty weight for missed energy exceeding E°” (2 €/kWh)

A missed energy event occurs when the simulated EMS charges less energy than
what was originally delivered in the dataset for a given charging session. In other
words, it is the shortfall between the original and the actually delivered energy
by the EMS.

Missing up to 5% of the EV’s SOC in a charging session is undesirable but not
critical, so a moderate penalty of 0.5€ /kWh is applied reflecting an exceptionally
high price of electricity (see table 3.12). However, missing more than 5% SOC
is considered a significant problem, and a much higher penalty of 2€/kWh is
imposed to strongly discourage such outcomes.

The total objective function O of the TreeC EMS is calculated by summing the
different costs from eqs. (3.7), (3.22) and (3.23) as shown in eq. (3.24).

0" = Ctot + C§ + Ccharg (3.24)

3.4.3.4 Interpretable decision tree

As an example, the TreeC EMS obtained after training for dwelling 1 is presented
in fig. 3.5 as it is the first dwelling with all possible assets present (PV, heat pump,
water heater and EV charger).
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Outside temperature: Day-ahead price:

4.8°C 0.16 €/kWh
/N /N
Match comfort Match comfort Match comfort Setpoint above current

temperature of next 12h  temperature of next 30 min  temperature of next 7h30  temperature by 0.36 °C
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(a) Heating setpoint (b) Cooling setpoint
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Heat Heat Outside temperature: Heat
0.52 kW 0.21kw 4.8°C O kw

s Charge s Charge é \ Heat
1.96 kW 2.27 kW Elo.os kw mo.m kw

(c) EV charger power setpoint (d) Water heater power setpoint

< >=

Figure 3.5: Decision trees for each controllable asset in the TreeC EMS for
dwelling 1.

The decision tree is interpretable for each of the set points it controls. For the
heating setpoint in fig. 3.5a, when the outdoor temperature is cold (below 4.8
°C), the EMS is precautious and matches the comfort range for the next 12 hours
to not incur discomfort, otherwise it matches it for the next 30 minutes as this
is more energy efficient. For the cooling setpoint in fig. 3.5b, when the day-
ahead price is considered low enough (below 0.16 €/kWh), the EMS matches
the comfort range 7h30 minutes ahead, otherwise it just avoids that the indoor
temperature increases too fast. For the EV charger in fig. 3.5¢, the EMS charges
between 1.96 kW and 2.27 kW when the occupancy profile is marked as home or
sleeping in 30 minutes and at a lower power of 1.19 kW then occupancy profile
is absent. The EV charger never charges at full power to avoid peaks. For the
water heater in fig. 3.5d, the EMS heats the water more when the day-ahead
price is considered low enough and doesn’t heat at all when the occupancy profile
is marked as home or sleeping in 30 minutes.

The figures and explanation highlight the interpretability of the TreeC EMS and
also illustrate how it can coordinate the operation of different assets. For example,
the EV charger tends to charge more when the water heater is not heating, helping
to avoid simultaneous power peaks. This is achieved by both controllers using
the same occupancy profile feature.
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3.5 RESULTS

Figure 3.6 shows how the different EMSs operate during the last weekend of
winter for dwelling 1. This dwelling is a detached house in Flanders with all
assets present: heat pump, water heater, EV charger, and PV system. The water
heater has a 171 litre tank, the house is partially insulated (roof only), and the
PV system has a capacity of 5 kWp. This dwelling was chosen because it is the
first with all assets present, and the selected weekend highlights an unsuccessful
EV charging session under the MPC EMS. In this example, MPC incorrectly
forecasted that the EV would remain connected until 12:30 on the 19*" of March,
whereas in reality, the EV departed at 18:00 on the 18" of March. Because the
day-ahead prices, and therefore injection prices, before 18:00 on the 18" of March
were higher than those before 12:30 on the 19*® of March, MPC planned to inject
excess PV generation on the 18" March and use the excess PV on 19 March
to charge the EV. Mathematically this all makes sense, but since the prediction
was incorrect, the EV was not fully charged by the time of departure contrary to
the other EMSs. RBC charges to the maximum power, TreeC charges at a lower
power to avoid peaks but still high enough to ensure the EV is fully charged and
MPC P charges the EV using all excess PV production and cheap day ahead
prices.

For the domestic hot water, TreeC heats the water tank over almost the en-
tire weekend because the price of electricity is mostly below 0.16 €/kWh (see
fig. 3.5d), MPC and MPC P make more use of the excess PV production to heat
the water tank, and RBC keeps the water tank around the lower 55 °C bound.

For heating, all EMSs generally maintain the indoor temperature near the lower
bound of the comfort range except for moments where the sun and outdoor
temperatures heat the house naturally. MPC and MPC P take advantage of
excess PV production to provide additional heating at certain times. RBC starts
heating earlier in the morning than the other EMSs, which results in slightly
lower energy efficiency.
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Figure 3.6: Illustration of the operation of the different EMSs over the weekend
of 18-19 March 2023 for dwelling 1. The top four plots show the stacked power
consumption and production of each asset, with the total grid connection power
indicated in black. The four lower plots show the day-ahead electricity prices,
the state of charge of the connected EV, the water heater’s tank temperature,
and the indoor temperature for each EMS.
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Figure 3.7: Comparison of key performance metrics for the different EMSs: (a)
total yearly cost, (b) difference in electricity cost with the RBC EMS, (c) thermal
discomfort, and (d) mean departure state of charge for EV charging sessions. For
each EMS, violin plots (a) and (b) include 500 dwellings, (c¢) includes the 447
dwellings with a heat pump, and (d) includes the 344 dwellings with an EV
charger. Each violin plot shows the distribution of results across all dwellings.
The width of the violin at each value reflects the relative frequency of dwellings
with that result. The horizontal dashes within each violin indicate the minimum,
mean, and maximum values for each EMS.

Results in fig. 3.7 show different metrics to compare EMSs across the 500 dwellings.
Figure 3.7a shows the total yearly cost for each dwelling. The results indicate
a hierarchy in performance: the RBC EMS has the highest costs, followed by
TreeC, then MPC, with MPC P achieving the lowest costs overall. There is con-
siderable variation in total costs across dwellings, reflecting the impact of factors
such as insulation quality, and the presence of EV chargers or PV systems on
overall energy consumption.

To provide a clearer comparison of the EMS performance relative to RBC, fig. 3.7b
presents the reduction in total yearly cost for each EMS compared to the RBC
EMS. The results show that TreeC achieves a mean cost reduction of 82.5€,
MPC achieves 116.6 €, and the upper bound MPC P achieves 177.4€. TreeC
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and MPC rarely achieve a worse cost than RBC, which is likely counteracted by
an increase in thermal comfort.

Figure 3.7c shows the thermal discomfort for each EMS with all EMSs achieving
similar mean discomfort levels between 26 and 31 Kh. TreeC manages to keep
all dwellings below 55 Kh discomfort while the other EMSs have some dwellings
with discomforts up to 111 Kh. Overall even 111 Kh can be considered acceptable
especially since some dwellings are not insulated at all and this only represents
111 hours in the year when the indoor temperature is 1 °C above or below the
comfort range with the rest of the year being within the comfort range.
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Figure 3.8: Cumulative distribution of EV charging session SOC at arrival (grey)
and departure (coloured) for each EMS. Thick lines show the mean cumulative
relative frequency of SOC across all dwellings with an EV charger, representing
the percentage of sessions at or below the given SOC. Thin dashed lines indicate
the 80% interpercentile range (10" to 90" percentiles), highlighting variability
between dwellings. This figure demonstrates how well each EMS ensures EVs are
sufficiently charged before departure.

Figure 3.7d shows the mean departure SOC for the EV charging sessions across
all dwellings with an EV charger. The original dataset assumed the departure
charging SOC to be 95% for all sessions so it is normal that RBC and MPC P
always achieve this value. For this particular metric TreeC performs better than
MPC achieving a mean of 93.3% departure SOC compared to 88.8% for MPC.
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This shows that TreeC is able to charge the EV more effectively than MPC but
the average departure SOC does not always give a complete representation of the
charging performance.

To give a better representation, fig. 3.8 presents the cumulative distribution of
EV SOC at departure for each EMS. The results show that, with MPC, the
SOC falls on average below 85% in 20% of charging sessions and below 65% in
6.6% of sessions. In contrast, TreeC only drops below these thresholds in 5.5%
and 0.7% of sessions, respectively. We think that TreeC generally maintains
an acceptable charging level for most users while the MPC EMS may leave a
significant share of drivers dissatisfied. Developing more refined metrics for driver
charging satisfaction would be valuable for future studies to better quantify this
aspect.

Figure 3.9 shows the impact of different dwelling features on the EMS perfor-
mance. Most results are as expected: fig. 3.9a shows that an EMS makes better
improvements when the dwelling has a PV system, fig. 3.9b shows the same for
EV chargers, figs. 3.9¢ and 3.9d shows the same for central heating and fig. 3.9¢
shows that generally the more assets a dwelling has, the better the EMS performs.

Interestingly fig. 3.9c shows that more insulation has negative impact on the
EMSs improvement compared to RBC. This is certainly because dwellings with
more insulation have a lower energy consumption and therefore the EMSs have
less opportunity to reduce costs. For the water tank size, fig. 3.9d shows a positive
correlation between the tank size and the EMS performance.

To understand better how the EMSs achieve cost reductions, fig. 3.10 breaks
down the savings by cost component.

Only minimal savings are achieved in the offtake extras costs related to energy
efficiency. This is expected, as the RBC is already quite energy efficient for
water and space heating. Efficiency gains can be realized by directly consuming
electricity from PV, but 74.2% of dwellings do not have a PV system.

MPC and MPC P achieve significant cost saving in the day-ahead costs, this is
the main cost component that gives these methods their edge over TreeC. This
can be explained by MPC based techniques having perfect hourly knowledge of
the future day-ahead prices and being able to schedule assets based on these
prices more effectively than TreeC which relies on incomplete knowledge of the
future prices and a less sophisticated decision tree control model.

For the peak cost component, TreeC slightly outperforms MPC. During training,
TreeC learns to minimize peak costs by coordinating asset operation and selecting
lower power setpoints, thereby avoiding large simultaneous peaks. While MPC
also attempts to coordinate assets to reduce peaks, prediction errors can occur
due to forecast or model inaccuracies and result in unexpected peaks, which may
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Figure 3.9: Comparison of EMS performance for different dwelling features: (a)
PV presence, (b) EV charger presence, (c) insulation level, and (d) water heater’s
tank volume (e) number of assets.

explain its lower performance compared to TreeC in this area.

Another relevant aspect to consider is how the peak and hourly day-ahead costs
influence the total grid power consumption of the 500 dwellings. Figure 3.11
shows on 24 hours the mean total grid power for each EMS. The MPC and MPC
P EMSs show almost identical average behaviour. Overall TreeC and the MPC
EMSs consume more than RBC during hours with lower day ahead prices, and

Page 67 of 77
ECOFLEX

Deliverable D5.2: Multi-energy community energy management



500 A
-T- Offtake extras
W Day-ahead
O] R Peak
e 400
o
c
=
= 300 A - —
[0}
(@)
c
] _
@
e 200 A
o
)
3
O 100 A s
- ]\ £
=
=) T
=
g ° L . -
w
TreeC MPC MPC P

Figure 3.10: Breakdown of cost savings relative to the RBC EMS for each cost
component defined in eq. (3.7). Offtake extras costs improvement reflects better
energy efficiency, day-ahead costs improvement reflects better hourly price op-
timization, and peak costs improvement reflects reductions in peak grid power.
Each box plot summarizes the results across the 500 dwellings.

all manage reduce the evening RBC total peak. However, the MPC EMSs show
a clear peak for the last time step of the hours between 04:00 and 08:00 and
between 14:00 and 18:00 which are the times the dwelling heat up to reach a
higher comfort temperature. This is because the MPC EMSs calculates that it
is better to heat the dwelling at the last time step of the hour to gain advantage
of the low day-ahead price of that hour and at the same time loose as little as
possible of the heat bought at that price. Buying at an earlier time step of that
hour would result in more of the bought heat being lost to the exterior. The
TreeC EMSs didn’t learn this behaviour and therefore has a much smoother total
grid power consumption profile.

The peaks caused by the MPC EMSs are problematic for the grid because: 1) they
can cause local congestion, requiring costly grid reinforcement, and 2) the sharp,
short-lived spikes in aggregate demand increase intra-hour variability, making
grid balancing more challenging for operators. This undermines the intent of
hourly pricing signals, which are designed to encourage demand shifting across
entire hours rather than concentrating consumption at specific moments within
those hours.

Page 68 of 77
ECOFLEX

Deliverable D5.2: Multi-energy community energy management



210 0.15
2

5

c <
= 0.81 0123
g 3
o° NS
o 0]
2 0.6 - 0.09 é
2 e
+— \\ ©
5 2
c 0.4- - 0.06 '©
o >
S ©
Q —— RBC °
€ c
S TreeC ©
n 0.2 1 F0.03 o
c —— MPC s
S —— MPCP

TB Day-ahead price

2 0.0 0.00

00:00 03:00 06:00 09:00 12:00 15:00 18:00 21:00  00:00
Time of day CET

Figure 3.11: Yearly mean of the total grid power consumption of the 500
dwellings for each time step of the day. Each EMS is represented as well as
the mean day-ahead prices for the year 2023.

3.6 DISCUSSION

When analysing all the results, TreeC and MPC have their strengths and weak-
nesses. TreeC is more interpretable (see fig. 3.5), achieves higher EV charge
completion rates, and results in a smoother total grid power consumption pro-
file when all dwellings are equipped with the same EMS. However, MPC obtains
more cost reductions, which is arguably the most important metric for evaluating
EMS performance.

To improve the cost reduction of TreeC, future work should focus on improving
its ability to reduce the day-ahead costs. This can be done by retraining every
month the EMS to adapt to the changing day-ahead prices, adding more price
related inputs that can be selected by the decision trees, or using more sophis-
ticated action on the leaf nodes of the decision trees. Improving the training
time of TreeC through reduced simulation speed, improved training methodol-
ogy, or transfer learning is also necessary to make it more practical for real-world
applications.
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Table 3.13: Mean absolute error (MAE) of two forecasts for the EV charging ses-
sions. Values show the mean and standard deviation of MAE across all dwellings
with an EV charger for 2023.

Forecast method | Predicted value MAE

(Mean £ Standard deviation)
K-NN regression | Connection time 7h14min 4 4h33min
Repeat last Connection time 9h14min 4+ 5h7min
K-NN regression | SOC demand 12.8% + 3.4%
Repeat last SOC demand 16.4% + 5.4%

The results for MPC P indicate that improved forecasting can enhance both
cost savings and EV charge completion. However, accurately predicting EV user
behaviour and charging sessions remains challenging due to the high variability
observed in table 3.11 and the substantial mean absolute errors (MAE) for both
K-NN regression and "repeat last" forecasts in table 3.13 exceeding 7 hours for
connection time and 12% for SOC demand. To address this, future work should
consider multi-scenario or stochastic MPC approaches that explicitly account for
the uncertainty in EV charging behaviour, as conventional forecasting methods
struggle with this aspect.

The mean annual savings compared to the RBC EMS are 82.5€ for TreeC,
116.6 € for MPC, and 177.4€ for MPC P. These savings are relatively mod-
est compared to the cost of buying, installing, maintaining, and subscription fees
of current home EMS solutions on the market (between 280€ and 680€ to buy
and 0€ and 360€ per year for subscription fees [34]). Specific cases can justify
an EMS implementation as the results do show some cost reduction going up to
464 € are possible, but these are not the norm.

Different factors could increase the commercial attractiveness of advanced EMSs:

— More volatility in electricity prices. Having more extreme low and high
prices would increase the potential savings of shifting consumption towards
low price periods.

— Allowing participation in balancing markets. This would create additional
revenue streams for households providing flexibility to the grid.

— A wider adoption of home batteries. The additional flexibility provided by
batteries could increase the potential savings from an advanced EMS.

— Wider adoption of standardized protocols in large electrical appliances.
Standardization would lower EMS integration costs by making it easier
to connect and control devices, potentially allowing simple plug-and-play
EMS installation.
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The code and data for this study are open-source, enabling other researchers to
benchmark their EMS solutions in the same context. All materials are available
at: https://github.com/EVERGi/ems_adoption_electrified_belgium_p
aper However, further algorithmic improvements alone are unlikely to deliver
greater benefits than those demonstrated by MPC P.

3.7 CONCLUSION

This chapter presented a comparison of three EMSs for electrified residential
buildings in Belgium: a rule-based controller (RBC), a model predictive control
(MPC) EMS, and a decision tree-based EMS called TreeC. The study evaluated
the performance across one year simulations of 500 dwellings with characteristics
representative of current Belgian dwellings but where the fossil fuel based assets
for heating, hot water and car transportation are replaced by electric equivalents.

On average, TreeC and MPC achieved cost reductions of 82.5€ and 116.6 €,
respectively, compared to the RBC EMS, which had a mean total cost of 2021 €.
MPC obtained better cost reduction but worse EV charge completion with an
average of 88.8% SOC at departure compared to 93.3% for TreeC with a full
charge set at 95% SOC. The results show that TreeC and MPC performed better
than RBC in terms of cost for dwellings, with PV systems, with EV chargers,
larger water tanks, and more assets in general which is expected, it also worked
better for dwellings with less insulation which is a less intuitive result. The total
power consumption of the 500 dwellings together obtained large volatility from
one time step to the next when all dwellings use MPC, while TreeC obtained a
smoother total power consumption profile.

The main recommended improvement for TreeC is to enhance its ability to reduce
hourly day-ahead costs. This could be achieved by retraining the EMS more
frequently to adapt to changing electricity over time or by making the decision
tree model more responsive to hourly price signals. For MPC, future work should
focus on addressing the uncertainty in EV charging sessions, for example by
adopting stochastic or multi-scenario MPC approaches.

In most cases, the cost savings achieved by advanced EMSs are modest relative
to the investment and effort required for their implementation, when compared
to the default operation of assets (RBC EMS). Further algorithmic improvements
are unlikely to deliver significantly greater benefits than a mean cost reduction
of 177.4€ achieved by the MPC with perfect forecast (MPC P) EMS. Increas-
ing the potential cost savings, and thus the attractiveness of advanced EMSs,
could be achieved by modifying electricity pricing structures, enabling participa-
tion in flexibility markets, reducing EMS investment and maintenance costs, or
integrating home batteries.
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