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HIGHLIGHTS

« Applied Machine Learning and optimization for Home Energy Management Systems (HEMS).
« Comparison of rule-/model-based and model-free HEMS.

« Integrated Graph Neural Networks (GNNs) into HEMS control for the first time.

» Analyzed Imitation Learning trade-offs between computational demand and performance.

» Benchmarked HEMS methods using realistic low voltage grid and household and PV data.

ARTICLE INFO ABSTRACT

Keywords: Control methods for Home Energy Management Systems implemented with traditional optimization techniques
Active distribution networks and state-of-the-art Machine Learning methods are presented and compared in this paper in the context of their
Hoflle'eﬂergy management system impact on and interactions with Active Distribution Networks. Thus, model-based methods based on Model
Imitation learning Predictive Control algorithms with different prediction qualities are first described and compared against model-

Model predictive control
Neural networks

Optimal storage scheduling
Reinforcement learning

free methods based on imitation learning and reinforcement learning. A practical, state-of-the-art, heuristic,
rule-based controller is used as the baseline. An in-depth comparison is performed using metrics consisting of
objective function values, grid constraint violations, and computational time. The results of applying these Home
Energy Management Systems to a realistic German low voltage benchmark grid with 13 connected households,
each containing solar generation, a battery storage system, and electrical loads are discussed. It is demonstrated
that model-based and model-free methods can achieve improvements over typical rule-based methods, with vary-
ing performance in terms of objective function values and grid constraint violations depending on the forecasts,
at the cost of higher computational complexity. Furthermore, model-free methods are shown to have in gen-
eral low computational burden at higher objective function values with more grid constraint violations, with
imitation-learning-based techniques proving to be the best compromise for practical applications.

1. Introduction sources, and BESS into a centralized optimization framework that aims
at optimizing certain objectives [1-3]. In the existing literature, multiple
model-based and model-free methods have been proposed with differ-
ent levels of complexity for Home Energy Management Systems (HEMS),
such as stochastic (e.g., Markov chains [4]), deterministic (e.g., perfect
forecast Model Predictive Control (MPC) [5]), heuristic (e.g., Particle
Swarm Optimization [6]), hierarchical multi-stage optimization (e.g.,

The ongoing energy transition is drastically impacting generation
and consumption in power systems. This is particularly evident in Low
Voltage (LV) grids due to the increasing penetration of Photovoltaic (PV)
panels and Battery Energy Storage Systems (BESS). This leads to more
weather-dependent loads with higher flexibility through the use of BESS,
which integrate household appliances, HVAC systems, renewable energy
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Glossary

A2C Asynchronous Advantage Actor Critic
ARS Augmented Random Search

BCF Best-Case Forecaster

BESS Battery Energy Storage System

CP Control Policy

D-MPC Decentralized Model Predictive Controller

DDPG  Deep Deterministic Policy Gradients
DQN Deep Q-Network

DSO Distribution System Operator
EV Electric Vehicle

GDL Geometric Deep Learning
GIL Graph Imitation Learning

GNN Graph Neural Network

HEMS  Home Energy Management System

HVAC  Heating, Ventilation and Air Conditioning
IL Imitation Learning

L-MPC Linearized Model Predictive Controller
LCPF Linear Coupled Power Flow

LCQP Linear Constrained Quadratic Programming
LV Low Voltage

MARL  Multi-Agent Reinforcement Learning
MILP Mixed-Integer Linear Programming
ML Machine Learning

MLP Multi-Layer Perceptron

MPC Model Predictive Control

MSE Mean Squared Error

MV Medium Voltage

NL-MPC Nonlinear Model Predictive Controller
NLP Nonlinear Programming

NN Neural Networks

NR Newton Raphson

OPF Optimal Power Flow

PCC Point of Common Coupling
PPO Proximal Policy Optimization
PV Photovoltaics

RL Reinforcement Learning

SAC Soft-Actor-Critic

SC Shortsighted Controller

SL Supervised Learning

SOC State Of Charge
TD3 Twin-Delayed DDPG
WCF Worst-Case Forecaster

two-stage energy management [7]) and A.L-based methods (e.g., deep
neural networks [8]), demonstrating the various approaches that can
be used to optimize schedules in HEMS. Some of the published meth-
ods have been trademarked or translated into patents (e.g., [9,10]).
However, the widespread adoption of these complex methods has not yet
occurred, which is evident from the fact that many of these methods have
been available for over a decade, but have seen limited or no commer-
cialization nor standard integration into mass production for newly built
smart homes. Their implementation in practice has proven challenging
due to the complexity of the proposed methods, which demonstrates
that increasingly complex approaches are not really needed in practice.
Therefore, this paper focuses on simpler, practical, and robust HEMS that
can be quickly implemented with the existing technologies to reduce the
overall complexity of controlling demand, which do not require a vari-
ety of interfaces and communication protocols, focusing more on the
direct control of BESS rather than complex controls of appliances and
HVAC systems. This is particularly relevant in practice for Distribution
System Operators (DSOs), which are interested in the optimal interaction
of actually deployed HEMS with the distribution grid.

The optimization of HEMS, which calculates the BESS schedules at
the household level, plays a major role, with significant impacts on LV
grids. However, depending on the objectives, HEMS can lead to local
grid issues [11], highlighting the need for considering the different grid
and household perspectives in practical HEMS applications. Thus, home-
owners want to reduce electricity costs and increase resiliency, whereas
grid operators are interested in minimizing the impact of HEMS on their
grids, with the latter being the perspective taken in the current paper.
These conflicting interests result in complex scheduling problems.

To tackle the aforementioned issues, various approaches have been
presented in the literature, which can be categorized into two major
categories [12,13], namely model-based methods, where the control al-
gorithms are based on mathematical optimization models that model the
physical system, and model-free methods, where the control algorithms
are based on data-driven approximate models. Traditionally, the former
approaches are often used for HEMS in practice [14], which allow for
considering distribution grids [15] in the model formulation, resulting in
complex optimization problems for DSOs based on Mixed-Integer Linear
Programming (MILP) or Nonlinear Programming (NLP) methods. These
techniques are complex due to the coupling of multiple time steps and

the high number of flexible devices connected to the grid, posing a ma-
jor challenge for DSO applications. To deal with this complexity, various
linearization methods have been developed which simplify the load flow
equations and thus reduce the complexity of the optimization problem
[16]. Furthermore, MPC techniques are used to readily address load and
weather uncertainty, resulting in model-based MPC approaches often
being too complex and slow for practical applications. In this context,
the present paper discusses practical MPC-based HEMS from a DSO per-
spective, which considers nonlinear and linearized load flow equations
to quantify their impact on and interactions with LV grids.

In contrast to model-based HEMS approaches, model-free data-
driven systems are learning controllers that can be either based on
Supervised Learning (SL), where both inputs and outputs are known, or
Reinforcement Learning (RL), where an optimal control policy is learned
through interaction with a simulation model or real-world data sam-
pling. SL and RL based HEMS range from Neural Networks (NNs) to
random forest based regression methods. They show promising results
[12,13], highlighting the value of data-driven approaches. Many differ-
ent data-driven approaches have been proposed in the literature, but
in-depth comparisons of these methods with heuristic and model-based
methods are lacking. Therefore, this paper discusses the implementa-
tion of effective BESS scheduling model-based and model-free existing
methods for DSOs to comprehensively compare them from a practical
perspective.

A promising approach for the application of SL-based methods for op-
timal scheduling in electrical grids is based on Imitation Learning (IL),
where the goal is to approximate the mapping from input data to out-
put data created by model-based methods. It was shown in [17,18] that
this approach can be used to derive fast approximators for single time-
step OPFs based on linear regression and NNs, allowing for significant
calculation speed-up. An extension to this approach was presented in
[19], where a white-box HEMS MPC was for the first time imitated us-
ing NNs, showing an acceleration of the calculations by a factor of up
to 50, while obtaining similar objective function values. While [19] in-
vestigates fast, approximative algorithms for scheduling such as NN, a
linearly constrained MPC is used for training data generation. Hence,
in the current paper, this consideration is extended by enhancing the
proposed IL methods to nonlinear HEMS problems from a practical DSO
perspective, including, for the first time, methods based on Graph Neural
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Table 1
Overview of the state-of-the-art HEMS control algorithms.
Category Algorithm Comparison Grid Ref.
Model-based Stochastic MPC No controller Yes [28]
Multi-level MPC - Yes [29]
MPC - No [30]
Model-free RL (Q-learning) No controller No [31]
IL MARL (DDPG) MILP No [8]
RL MARL (PPO) MILP MPC No [32]
RL (DQN) Optimal control, Heuristics, IL Yes [33]
RL (DQN) No controller, MILP No [34]
RL (DDPG) Heuristics, Optimal control No [35]
MARL (PPO) Heuristics No [36]
RL (A2C) Manual controller, Rule-based No [37]1
controllers
RL (DQN, DPG) No controller No [38]
Hybrid Learning-based MPC - No [39]

with Actor-Critic RL

Networks (GNNs), which allow taking the topology of the distribution
grid into account.

While SL is dependent on an expert system, which provides the
learning data for the trained approximators, RL can learn without this
prerequisite. This eliminates the need to formulate any optimization
problem for the scheduling task by DSOs by substituting the training
data set with an Environment, on which the RL method is trained. RL-
based approaches have been applied to various tasks in electrical grids
[20-22], showing promising results but being limited to discrete action
spaces due to the chosen Deep Q-learning approaches. This is a limit-
ing factor for the use of RL for control of flexible devices in LV grids,
as discussed in [23], where the action space is limited to six discrete
actions for EV charging and ten discrete actions for BESS charging and
discharging. This is inconsistent with the actual technical capabilities
of BESS in practice, as these storage systems can operate continuously
between their minimum and maximum limits, and thus, discrete con-
trol actions constrain their flexibility potential for the LV grid. Other
methods that control continuous action spaces can also be found in the
literature, with [24] focusing on transmission system economic dispatch
and [25] on voltage control and loss minimization in distribution grids.
However, these techniques have not been applied to HEMS problems,
and are thus studied in the present paper based on [26]. Model-based
and model-free methods differ in their computational demand, scalabil-
ity, real-time capability, complexity, interpretability, accuracy, human
modeling effort and robustness. A qualitative comparison of MPC and RL
approaches for HEMS is given in [27], however, no quantitative analysis
is provided, thus not allowing for a direct comparison.

Table 1 provides a comprehensive overview of the current state-
of-the-art on HEMS control methods, classifying them as model-based,
model-free, and hybrid approaches with model-based approaches corre-
sponding to controllers that solve linear or nonlinear optimization prob-
lems using MPC techniques for a rolling-horizon. This table highlights
the current trend towards model-free approaches based on Machine
Learning (ML) techniques, mostly relying on RL [35,37] and Multi-
Agent RL (MARL) [8,32,36] methods, often based on Q-learning and
Deep Q-Networks (DQNs) [31,33,34,38], which are inherently limited
by their discrete action space. Note that a comprehensive comparison be-
tween model-based and model-free algorithms is lacking, and that most
existing studies focus on algorithms for a single HEMS without consid-
ering multiple buildings and their LV grid interconnection, limiting the
conclusions that can be drawn from a DSO perspective.

A comparison of the different approaches for their application in
flexibility scheduling is of great relevance for DSOs and homeowners in
the context of practical HEMS applications. However, the existing litera-
ture lacks a proper, practical, quantitative comparison of these methods.
Hence, this paper focuses on proposing, implementing and comparing

such methods from a practical DSO perspective based on different key
metrics. Based on the aforementioned discussions, the contributions of
the paper can be summarized as follows:

Developing model-based and model-free practical HEMS models for
flexibility scheduling in LV distribution grids, considering both the
interests of the DSO and the homeowners, while taking into account
practical and realistic conditions for the different stakeholders.
Applying for the first time GNNs to the HEMS nonlinear DSO
problem, as well as studying existing RL and IL techniques with
continuous action spaces for comparison purposes, demonstrating
the advantages of GNN-based methodologies with respect to the
state-of-the-art when including information about the underlying
grid.

Presenting an in-depth comparison of the proposed HEMS using a
realistic benchmark LV distribution grid in Germany, considering a
full year of electrical load and solar generation data, as well as the
grid.

Considering the uncertainty stemming from erroneous forecasts in
the HEMS control problem, demonstrating the effect of practical
limitations on these systems.

Demonstrating and discussing the advantages and disadvantages of
the proposed model-free and model-based methods for the first time,
comparing the multiple control algorithms based on their overall
performance, such as objective function values, grid constraint vi-
olations, and calculation times, and highlighting their individual
strengths and weaknesses for BESS scheduling in the context of HEMS
applications for DSOs.

The rest of the paper is organized as follows: Section 2 introduces
the rule-based, model-based, and model-free methods used to control
the BESS in practical HEMS from a DSO perspective, as well as the grid
and smart building modeling. Section 3 presents the setup on which the
methods are benchmarked and the results of applying the proposed con-
trol approaches, providing a detailed comparison based on the various
relevant metrics. Finally, Section 4 summarizes the main findings of the
paper and provides an outlook on future research work.

2. Methodology
2.1. Notation

In this paper, matrices are denoted as bold capital letters such as A,
and vectors as bold lowercase letters such as a. Indices are denoted as
non-bold, italic lowercase letters like i. Calligraphic letters such as N de-
fine sets. Approximated quantities are represented using the hat notation
like 4. To denote maximum and minimum values, non-italic superscripts
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are used, as for example, E;)%% , which represents the maximum energy
of battery k.

2.2. Practical HEMS control framework

It is assumed here that building HEMS are centrally controlled in
practice through their grid-connected BESS, considering the interests of
both the DSO and customer, as shown in Fig. 1, which illustrates the
interactions between practical building BESS and the LV grid. It consists
of a Control Policy (CP), a forecaster, and an Environment, which con-
tains the simulation models of the smart buildings and the grid. The CP
represents the different control methods, which can be realized using
rule-based, model-free, or model-based approaches. The respective pol-
icy acts based on the measurements recorded at time step ¢, which in
this case consist of the State Of Charge (SOC) of all batteries in the grid
Ep, (1), as well as the electrical loads Pjo,q(f) and solar power Py, (1) at
time step ¢. In case of a predictive CP, the implemented forecaster pro-
vides profiles for electrical load and solar generation for a given horizon
H as additional input for the CP. The CP exploits the received input data
to determine suitable BESS power set points Py, (¢) as control actions for
time step ¢ for all batteries in the grid. It should be noted that only the
active power of the batteries is assumed to be controllable, as the reac-
tive power is usually not controlled by the DSO, as is the case in, for
example, §14 a EnWG in Germany [40].

In the Environment in Fig. 1, the updated SOC of each battery is
calculated based on the physical BESS model, and the current control
actions Py,,(r). Furthermore, violations of the grid constraints are evalu-
ated by the proposed control framework for each CP using the exchanged
power P, (r) with the grid as shown in Fig. 1. The aim is to compare
model-based and model-free methods with respect to their performance
by evaluating several metrics. For these comparisons, baseline cases
are defined based on a decentralized control approach in which each
building typically would have a rule-based shortsighted controller to
minimize its power exchange with the LV grid, and the case where there
are no BESS to control.

2.3. Environment

The Environment is the LV grid with its connected buildings, in which
battery setpoints impact power flows for each discrete time step. Hence,
the Environment consists of two components, namely, the grid model
and the smart building model, as explained next.

2.3.1. Grid model

Electrical grids can be modeled as graphical models, where the graph
G consists of nodes k that are part of the node set N and edge tuples
(k,1) € N thatare part of the edge set £. Each node is characterized by its
connected buildings, which contain PV generation, BESS, and electrical

Forecaster

2| Powlt+h)Vhe H |Py(t+h)Vhe H
%) Conjcrol g
é Ebat(t) Pohcy §
S |Puoaalt) Prat(t) | 5
N0 - 5
Buildings =
é} run : 8
ower flow:
g Ealculation
cﬁ .
S i
= Environment

Fig. 1. Control framework for multiple grid-connected smart buildings.
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loads. The node indices of the respective elements are collected in the
sets P, 3, and L, respectively. The edge elements represent transformers,
overhead lines, cables and switches. The nonlinear power flow equations
can then be used to describe the active and reactive powers flowing
through the grid edges as follows:

Pro=gs V] +V,V,[gpicosO —0) + by, sin@) —6,)] 1)
Q= =br Vi +VyV,[gs,sin@) —0,) = by cos(0; —6,)] 2
P =g, V2+V, Vg cos® —07)+ b, sin(®, —6,)] 3
Q5 = —b,VE+V, V|8, sin(®0, — 0,) — b, cos(6, — 0,)] )

where V, and V; are the voltage magnitude at the from and to nodes
and 0,, 0, are the respective voltage angles. The g and b values are
fixed parameters of the conductances and susceptances of edge elements.
Given that the powers at all nodes are known, the Newton Raphson (NR)
method can be used to solve the resulting system of equations, which de-
termines the powers flowing over each edge element, i.e., Py, P,s, O,
and Q,,, as well as the complex nodal voltages. The power balance at the
Point of Common Coupling (PCC) for each building can then be modeled
as follows:

P+ Y Pyt ) Pp=0 VkeN 5)
JAEAW) F4€L0)

O + Z O+ Z Q=0 VkeN 6)
[ reA(k) fAEL(k)

where A(k) is the set of edge tuples where k is the from node and Z (k)
is the set of edge tuples where k is the to node.

2.3.2. Practical smart building model
The power injection P, is the power fed into or drawn from node k
and is the sum of all powers in the building:

P+ va,k - Pload,k - Pbat,k =0 VkeN 7

where Py, i, Poaqx and Py, are the PV generation, the electrical load
and battery power of the smart building connected at node k.

In the typical LV grid under consideration Q, can be assumed to be
negligible, as in the case of Germany, where a minimum power factor of
0.9 to 0.95 is mandated depending on the installed power and type of de-
vice [41]. Consequently, reactive power contributions at the household
level are not considered.

The HEMS building model considered here is an off-the-shelf sys-
tem currently available in the marketplace as previously discussed, in
which only a BESS is controlled to supply a given uncontrolled demand,
while considering PV power injections. In this context, the active battery
power for the BESS of the building P, is modeled as follows:

1
— Py (DAL, Py (1) <0

Epar i (t + 1) = Epye (1) + { aan Pk batk ®
ncthat,k(t)At’ Pbat,k(t) >0

where the change in energy between Ey, ;(f) and the next discrete time
step Epaex(t + 1) depends linearly on the battery power Py, as well
as the charging and discharging efficiencies 5, and 74, and the time
interval between discrete time steps At. Note that Ey,, and Py, , must
remain withi.n the technical limits, E]f:t"lk and Et‘:::)’;, as well as P];‘Zli& and
P]:?;i)/(c at all time steps.

2.4. Control policies

As discussed in Section 1, the methods investigated for controlling
the individual BESS in the considered benchmark grid are categorized
into rule-based, model-based, and model-free approaches as depicted in
Fig. 2.

The underlying modeling for the considered BESS CP is explained in
detail next:
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Rule-based

|Shortsightcd Controller (SC) |
| Decentralized MPC (D-MPC) |
| Nonlinear MPC (NL-MPC) |
Lincarized MPC (L-MPC) |

BESS
Control

Model-based

|Imitation Learning (IL) |

Model-free

| Reinforcement Learning (RL) |

Fig. 2. Overview of applied control policies in the BESS framework.

2.4.1. Shortsighted controller (SC)

The SC is used as the baseline for comparison purposes, since it is a
simple and effective state-of-the-art heuristic controller widely used in
practical HEMS for the following reasons [42]:

+ It is a basic controller that is grounded on decision rules that can
be represented by simple equations, resulting in a straightforward
implementation with low computational needs.

« It is typically based on measurements of SOC, load power, and PV
power as inputs without the use of forecasting techniques.

The SC takes the measurements of SOC, load, and PV power at the
current time step ¢ into account to minimize the grid power exchange
between the building at node k with the considered LV grid. The rules
for determining the set points for the BESS can be defined as follows:

Pbat.k(t) = va,k(t) - Pload,k(t) ©
EMaX _ g (l)
. bat,k bat,k
Pyp () = min { aT, P;;i};} 10)
E}?:tl:lk - Ebat,k(t) min
PIOWA,k(t) = max T’ Pbat,k an
Poae (1) = Hysteresis { Poye (1), Pow i (0> Pyp (1) } 12)

where B, , is the BESS set point that would reduce the nodal injection
to zero at the PCC. To take the technical limitations of the respective
battery into account, the upper and lower bounds P, and P, are
represented in (10) and (11). The control action P, is then calculated
using a hysteresis function that clips B, within these bounds. Note
that the SC does not take forecasts of future power consumption and
generation nor information on grid variables, i.e., voltages and currents,
into account. While it promptly adjusts to system changes, its lack of
optimal oversight may lead to inefficiencies [7].

2.4.2. Model predictive control (MPC)

Battery schedules are optimized here for peak shaving, which is a pri-
mary objective for DSOs and also decreases the homeowners electricity
costs. In this context, a rolling-horizon MPC is formulated to solve the
optimization problem with fixed system constraints at each time step ¢
based on measurements, PV generation, and load demand forecasts for a
given horizon length H, with a temporal resolution At. Only the set point
for the first time step from each optimal battery schedule is used, thus
mitigating forecasting errors. This procedure is repeated for each time
step, taking future changes in the system into account [7]. Two different
centralized MPC formulations are proposed, i.e., a Nonlinear MPC (NL-
MPC) formulation considers all buildings and nonlinear formulations of
the LV grid equations in the optimization problem. On the other hand,
a Linearized MPC (L-MPC) formulation is based on linearized versions
of the nonlinear grid equations. Additionally, a Decentralized MPC (D-
MPC) is implemented using a separate HEMS MPC formulation for each
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building without considering the grid. All proposed MPCs are introduced
in detail next.

The NL-MPC takes nonlinear grid equations into account and solves
the following centralized optimization problem at each time step #:

min i Z P.(t)? (13)
=y
st. VkeN, Yk, )EE, Vi€ H
Pu(0) = g VE O + Vi V(0)
[gxr cOS(B,(1) — 0,(1)) + by sin(0, (1) — 0,(1))] a4
011 = =b VA + Vi (V1)
(841 SIN(0, () — 0,(1)) — by cos(B, (1) — 6,(1))] (15)
Py(0) = gV () + Vi)V, (1)
[81k cOS(8,(1) = 0,.(1)) + by sin(8,(1) — 6,(1))] (16)
0 () = =by V) + Vi(OVi(D)
[&1x sin0,(2) — 6,(1)) — by cos(0,(1) — 0,,(1))] a7
Re {1y} = g Vi@ cos (8,(D) — by Vi () sin (6,(5))
+ gy V(1) cos(0,(1)) — by, V(1) sin(0, (1) (18)
Im {I,;()} = b Vi () cos (0,()) + g Vi () sin (0,())
+ 8 Vi (@) sin(0,(1)) + by, V(1) cos(6,(1)) (19)
Re {10} = g, V)(1)cos (6,(1)) = by V,(1)sin (6,(1))
+ 2. Vi (1) cos(0,,(1)) — by Vi, (1) sin(0;. (1)) (20

Im {1, ()} = b, V,(t) cos (6,(t)) + g, V(@) sin (6,(1))

+ 81 Vi (1) sin(0,.(1) + by Vi (1) cos (6, () @1
Pi(®) + By k(1) = Pioad 1 (1) = Poag x (1) = 0 (22)
O (D + Opy (1) = Croad k() — Cpar k() =0 (23)
PO+ Y P+ Y Pu®=0 24
m,neA(k) m,n€L(k)
O+ Y O+ Y, Q=0 (25)
mneA(k) m,neL(k)
Epaes(t + 1) = Epge () + Pogex (DA Yk € BVI € H (26)
P < Phgei(1) < P VkeB VieH 27)
Ep < Epqei () S Ep% VkeB Vie H (28)
VIR < V() < VI 29)
VRe{1,0}) +Im{1,0) < 11 (30)

P + QF (1) < S (31)

where the nonlinear objective (13) leads to peak shaving, as proposed
in for example [43] and [44], incentivizing the reduction of peaks in
grid power injections at their respective PCC for all nodes and time
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steps. This leads to both the reduction of grid congestion and an in-
crease in self-sufficiency of the grid-connected buildings, which results
in reduced electricity costs for the consumers. For each edge element,
the active and reactive power flows at both terminals and for all hori-
zon time steps are represented by the nonlinear power flow equations
in (14)—(17). The real and imaginary currents for all edge elements are
modeled in (18)—(21). The nodal power balance for active and reactive
power is taken into account in (22)-(25). The voltage magnitudes in
the grid are bound between V™" and V™2 for all nodes and time steps
in (29). The line current I;,(¢) is bounded by the thermal rated current
I;‘,‘ax in (30). To ensure that the transformer connecting the smart grid
with the Medium Voltage (MV) grid is not overloaded, (31) bounds the
apparent power by the maximum rated power of the transformer S_#*.
The battery represents the flexible component of the system and can be
freely dispatched within its technical limits, which are considered in con-
straints (26)-(28). For computational efficiency, the SOC of the battery
at time step 7+ 1 is approximated using a linear constraint, assuming that
charging and discharging efficiencies are similar and relatively high, i.e.,
close to 100 %, as assumed here; otherwise, the model would require bi-
nary variables to represent both the BESS charging and discharging, thus
resulting in a complex mixed-integer programming problem.

The grid Egs. (14)-(21) are nonlinear and lead to an NLP optimiza-
tion problem that consists of a quadratic objective function (13), as well
as eight nonlinear flow constraints for each edge element in €. Hence,
an L-MPC approach is used here based on the Linear-Coupled Power
Flow (LCPF) equations introduced in [45], to derive a simplified linear
optimization problem that can be solved faster introducing small errors
from the linearization. In this case, the optimization problem solved in
each step of the L-MPC can be formulated as follows:

H
min 2 2 ) X0O% (32)
Pbat.k =1 keN
st. VkeEN, Yk,DEE, Vte H
Py (t) = =Py(t) = g1 (Vi®) = Vi(®)) = by (6,(1) = 6,(0)) (33)

Q1) = =0y (1) = —by, (Vk(l) - V[(I)) - gk,(ﬁk(t) - 91(1)) (34)

P (1) + Py (1) = Proad k(1) = Poatx () =0 (35)
O () + Opy () — OQroad k() — Qpark () =0 (36)
A(k) I(k)
Pt)+ Y P+ Y P,y =0 (37)
mn m,n
A(k) I(k)
0+ Y 0+ Y 0, () =0 (38)
mn m,n
Epaex(t +1) = Epge (1) + Pog (DA V€ BVt € H (39)
ymin <y () < v (40)
- I <aPy() < I 41)
P < Pogei) < PR VkeB Vi€ H (42)
Ep? < Epqi () < Epdt VkeB Vie H (43)
PR < Pug(t) < P (44)

Thus, Egs. (14)-(17) in the NL-MPC optimization problem are replaced
by the linearized power flow equations in (33) and (34) which intro-
duce small deviations in the voltages and currents. This results in linear
constraints for the optimization problem, which aims at finding BESS
schedules that result in peak shaving over horizon H, while satisfying
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all required constraints. Note that the respective powers must be con-
verted into appropriate current values in (41) to comply with the current
Shom:10°

\/gVnom'103 ’
where S,om and V., are the nominal apparent power in MVA and the

nominal voltage of the respective edge element in kV.

In most cases, the LCPF model converges within the given lim-
its pmax jsmin Ptmax, 1};}“; however in case of no convergence, the
bounds in (40), (41), and (44) are iteratively relaxed to facilitate power
flow convergence. Note that the resulting optimization problem con-
tains linear equality and inequality constraints, while the objective
function is quadratic, thus resulting in a Linear Constrained Quadratic
Programming (LCQP) problem.

Finally, a D-MPC approach is also considered to allow evaluating its
impact on the grid. This assumes that each HEMS solves a separate MPC,
taking only the model of the BESS, household, and PCC into account. In
this case, only objective (13) and constraints (7), (26)—(28) are consid-
ered for each MPC, since the grid equations are not included, effectively
decoupling the optimization problems for each HEMS.

limits, which can be readily accomplished with the factor « =

2.5. Imitation learning and graph imitation learning

IL aims at learning a CP by imitating the behavior of a model-based
MPC. In this case, an MPC algorithm is first simulated for a specified
number of time steps. The results of the MPC simulation are divided
into input data vectors X(¢) = [Epyq (), Pres (1) Presx(t + 1), ..., Preg i (t +
H) Vk € N1, with Prg (1) = Py — Poaa (?), and output data vectors
Y(1) = [Pyar (1) Vk € B], which are concatenated for all simulated time
steps 7T, resulting in the matrices [X(1),...,X(7T)] and [Y(1),...,Y(T)].
The aim is then to train an arbitrary function approximator f, that learns
a parameterizable CP for the following functional mapping:

YR < flEX@) VieT (45)

where YII(r) is the vector of approximated control actions at time step 7,
and 6 represents the weights and biases of the chosen NN. Depending on
the selected regression method, the approximator can then be trained on
the control outputs of the model-based MPC method with the objective
of reducing the following Mean Squared Error (MSE) loss between the
control outputs of both methods:

T

— 3 3 (3o - vC)’ (46)

Nsamples ;=1 keB

where ng,mpies = T3] is the total number of control actions chosen by
the MPC. The IL setup in (45) does not contain information about the
underlying physical system, since only the mapping from measurements
of SOC, PV, and load, as well as forecasts of PV and load are taken into
account to learn a mapping to the respective control actions.

The information of the underlying grid in form of a graph G can be
included in the regression problem using Geometric Imitation Learning
(GIL), leading to:

YO () < £ (X(1),6)

P vieT (47)

where YCI(1) is the vector of approximated control actions at time step
rand f§™ is the respective policy. Note that this GIL regression problem
requires specialized regression methods that are able to take the graph
G into account, such as Geometric Deep Learning (GDL) methods.

Fig. 3 shows the proposed IL framework that is applied in this paper,
where NNs are used as function approximators due to their scalability
properties and the possibility of considering the graph in the regres-
sion, and f; gIPC stands for the NL-MPC or L-MPC centralized approaches,
which account for the grid G.

The loss in (46) is used for training, where the weights and biases of
the NNs are updated using stochastic gradient descent. The layer type
GraphSAGE in [46] of the GNN is chosen for the GIL implementation,
since this is suitable for GDL tasks in power systems as shown in [47].
For IL, NNs based on Multi-Layer Perceptrons (MLP) are used.
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Fig. 3. Imitation learning framework for IL and GIL.
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Fig. 4. Reinforcement learning framework for BESS scheduling.

2.6. Reinforcement learning

RL aims at learning a CP fRl through repeated interactions with
an Environment, as shown in Fig. 4, where the generic RL interaction
scheme between simulation Environment and agent is depicted. After
each action YRL(r) chosen by the RL agent, the Environment returns a
new observation O(r) and the corresponding reward r(r), which should
be maximized by the agent over time. A black-box function approxima-
tor, such as NN, is usually applied to represent the control policy of the
agent. Unlike IL, the RL approach is not a supervised learning task and
no ground truth generated by an MPC is required, resulting in flexible
algorithms that do not require system modeling. To enable the applica-
tion of RL to control the BESS, an interaction scheme is used between
an agent and the Environment, which in this case is a simulation model
of the HEMS and the LV grid. Thus, the agent f3" interacts with the
Environment to maximize the following scalar reward r(z):

H(1) = =g, €1(1) = Ay ea(1) = Ay e3(0) = A, €4(1) = A 5(0) (48)

0= (Poada® + Praga(®) = Py )’ (49)
keN

o) = Z max(V, (1) — V™ 0) + max(y™min _ Vi (),0) (50)
keN

=Y, max ((max (|I @) [T0]) - I7%) ,0)? 1)
kle&

cy(t) = (max(Syg(t) — STE*,0) + max(—Sm — Sy(0), )’ (52)

cs() =¢ (53)

where (48) is a sum of five reward components ¢, ¢, ¢3, ¢, and ¢s, which
can be weighted using the fixed factors 4., to A.,. Reward component c;
in (49) penalizes large outliers, similar to the peak shaving objective in
(13). Voltages that exceed the maximum allowed voltage V'™, as well
as voltages that are lower than the minimum allowed voltage V™" are
penalized using (50). Penalties for exceeding maximum current rating
of lines and power rating of the transformer are represented in (51) and
(52), respectively. In cases where a non-convergent load flow is caused
by the actions chosen by the agent, component cs in (53) is active, where
¢, is a binary variable equal to 1 when the power flow calculation in
the simulation environment does not converge. Note that r(¢) contains
the objective used by the MPC, as well as penalty terms for constraint
violations, i.e., voltage bounds and line constraints, which can only be
taken into account implicitly.
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Table 2

Considered model-free RL methods.
Algorithm Source
Augmented Random Search (ARS) [48]
Deterministic Policy Gradients (DDPG) [49]
Proximal Policy Optimization (PPO) [50]
Soft Actor Critic (SAC) [51]
Twin-Deterministic DDPG (TD3) [52]
Asynchronous Advantage Actor Critic (A2C) [53]

The goal of the agent is to find a control policy fR" that maximizes
the discounted total reward 7:

F= 2 7,1 (1) (54)
=1

where 0 < y, < 1 is a discount factor that ensures that the sum in (54) is
finite, with reward values that are further in the past having less weight
in the calculation of 7. Similarly to IL in (45), the policy is a functional
mapping from observations to control actions:

YRt « 100 (55)

where /R is approximated by an NN, which obtains the observations
O(7) at time step ¢ and calculates the corresponding control action vector
Y ()R based on these inputs. The observations are a vector of measured
and forecasted values at time step ¢ and defined as follows for the given
control task:

O = [ Epat(®), Pres(®) | (56)
O) = [ Epgt(®), Preg(®), Prest + 1), ..., Pres(t + H) | (57)

where O(¢) is the reduced observation at time step ¢, consisting of the
measured SOC of all batteries in E;,(r) and the residual power at all
nodes in P (7). Similarly, O(7) is the full observation, containing ow),
as well as forecasts for the residual powers for the next H time steps.
The policy is then iteratively updated based on the considered state-of-
the-art RL algorithms shown in Table 2. The discounted total reward in
(54), which the agent receives when interacting with the environment,
has to be maximized by the agent over time.

2.7. Forecaster

The forecaster is part of the framework in Fig. 1 and obtains the
measurements of the PV and load power at each time step ¢. Based
on these inputs, a forecast of PV and load power for the horizon H
with resolution At is calculated by the forecaster. Forecasting of power
system time-series is a broad topic that is covered extensively in the
scientific literature (e.g., [54]), applying methods from statistics and
Machine Learning (ML). Since this work focuses on investigation, differ-
ent, simplified assumptions are made regarding the forecaster to cover
the possible range of forecast accuracies that might arise in real-world
applications. Therefore, two forecasting algorithms are used here:

« A Worst-Case Forecaster (WCF) that is based on the naive assumption
that the profiles from the last 24 h are repeated for the next day, thus
representing the forecasting algorithm often used as baseline in the
literature [55].

+ A Best-Case Forecaster (BCF) that assumes perfect forecasts, resulting
in a lower bound on forecasting errors for PV and load powers.

By applying WCF and BCF in the framework in Fig. 1, the range of
possible attainable results can be covered, assuming that in reality the
forecaster will be between both forecasting approaches. Note that both
WCF and BCF provide deterministic point-forecasts, which is the state-
of-the-art for HEMS [14]. Furthermore, probabilistic approaches come
with the disadvantage of high calculation times, which lead to extensive
simulation times for the study spanning one year conducted in this paper
since, 34,848 simulations are required for each simulated year.
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3. Results
3.1. Simulation setup

In this paper, a benchmark LV grid is considered with 13 different,
realistic smart buildings connected, incorporating electric household
loads, PV generation, and controllable BESS. The applied load profiles
are the same as in [11], which are based on realistic simulations of res-
idential behavior from [56] with a time resolution of At = 15 min. The
PV profiles are derived from actual feed-in data collected from PV plants
located in Karlsruhe, Germany. These profiles are adjusted to align with
the annual energy consumption of the corresponding household loads.
Each BESS is sized according to the methodology outlined in [57] to
enhance flexibility within the system, assuming a C-rate of one. The PV
generation and demand forecasts for the next 24 hours every 15 min
result in a horizon H = 96, with forecasts based on the BCF or WCF
approaches.

The German benchmark LV grid “1-LV-rurall-1-sw” is used here,
based on the SimBench Python package [58], which provides well-
established benchmark grids for Germany. This grid comprises 15 nodes
and 13 lines with smart buildings connected at a 400 V level and is de-
picted in Fig. 5. The transformer linking the 400 V LV grid with the 20 kV
MV grid is rated at 0.16 MVA. To assess the effects of the examined CPs,
the load and PV profiles were scaled up to force grid limit violations
without the usage of BESS.

The software packages used for the proposed framework were
Pandapower for power flows [59], and Pyomo with the IPOPT solver for
optimization [60]. IL and GIL were implemented using PyTorch [61] and
PyTorchGeometric [62], respectively. For the RL algorithms, Stable
Baselines3 [63] was used for the developed environments. All algo-
rithms and simulations were run on a computer with a Threadripper
3990X 64x2.9 GHz CPU, 128 GB RAM, and a Nvidia TITAN RTX GPU
with 4608 CUDA cores.

The developed evaluation procedure used for the proposed CPs starts
with grid, technical constraints, load, and PV data being provided for the
testing period, as illustrated in Fig. 6. At each time step, the measure-
ments and forecasts are simulated for the corresponding CP. Depending
on the selected CP, new BESS set points for each smart building are de-
termined. Finally, the BESS set points are used to simulate the changes
in SOC with the battery model in (8), denoted with the developed
physical function, and to calculate the required power flows. The BESS
efficiencies 7., and 744, are assumed based on commercially available
data for home storage systems with lithium-ion batteries [64,65]. Based
on the results of the grid calculations, the specified metrics for the re-
spective CP can be determined. This procedure is simulated for the

6
em> nH
5 &> Load

@ Solar Generation

Battery

Fig. 5. German benchmark LV grid.
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Fig. 6. CP evaluation procedure.

complete testing dataset, which consists of one year with T = 34,848
time steps. Note that, since no actual data is available to test the pro-
posed ML techniques, given the novelty of the proposed approaches, the
presented results are based on the synthetic data obtained in the evalu-
ation procedure illustrated in Fig. 6, as is typically done in these cases
(e.g., [66,67]).

3.2. Evaluation metrics

The chosen metrics aim at quantifying the performance of each
CP from the perspective of both the homeowners and DSO. The peak
shaving ability is quantified using the following value, as proposed in
[43,68]:

P (1) (58)

M=

Jps =
t

1 keN

which is similar to (13), but calculated for all simulated time steps T
of the testing dataset. The number of constraint violations was counted,
assuming V™0 = 0.9 p.u. and V™2 = ] ] p.u. for all nodes and at each
time step, as per German LV standards, 1;7%* = 0.142 KA for the LV grid
used, and Sg‘fax = (.16 MVA for the MV/LV transformer. The calculation
time required to execute the policy during operation was tracked using
the mean value y and standard deviation ¢ to evaluate the potential

practical application of the CP.

3.3. Model predictive control evaluation

For the evaluation of the rolling-horizon approach, the MPC opti-
mization problem is solved after each time step Ar with updated forecasts
and new measurements as input data. Hence, over the course of a one-
year rolling-horizon MPC, a total of 34,848 optimization problems were
solved. In case of an infeasible optimization problem, an iterative re-
laxation scheme for the grid constraints was implemented, which was
applied until a feasible solution was found. Three MPC methods were
simulated with the testing dataset spanning one year for comparison pur-
poses, i.e., NL-MPC based on (13)-(31), L-MPC based on the linearized
formulation (33)-(44), and D-MPC with BESS constraints. Both BCF and
WCF were considered in separate simulations, leading to six different
configurations.
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Table 3
Hyperparameters of IL and GIL neural networks.
‘ Model NN Architecture ‘ Hyperparameters ‘
L n%OO 11;12)()0 nfTQJOO e batch size 8
x—»%ﬂ%ﬂ%»y oep()chs60 \
a a = e learning rate 5 x 10~
e RUIEDIBIXT y ¢ glBIxL e SGD optimizer
CIL 11:_970 11:_97() 11:_97() e 10 epochs
o O = . = e 97 node input feats
X > Eg — % — % ™ Y | e learning rate 5 x 107°
$ # $ o weight decay 1 x 1077
g g g e dropout 0.1
e Adam optimizer

x € RIBIX(HED) ¢ glBIx1

3.4. Imitation learning evaluation

Two control settings are compared, i.e., IL using a NN with MLP-
architecture, and GIL using a NN with GraphSAGE layers from the
PyTorchGeometric package. The GIL approach considers an undirected
graph ¢ of the grid, consisting of the topology, as well as the individual
edge conductances g;; and susceptances b;,;. Table 3 shows the best hy-
perparameters that were found through line search for both approaches.
For training IL and GIL, a separate training dataset is used. It consists
of the previous year of data, based on the same buildings, BESS and PV
generators. The training dataset is generated by the NL-MPC with BCF,
and training IL and GIL takes 8 and 38 minutes, respectively. The testing
dataset comprises the subsequent, unseen year of data and the trained
NNs of fI and £ are used to control the BESS in the evaluation stage,
using both BCF and WCF forecasts as input.

3.5. Reinforcement learning evaluation

RL results were obtained using the framework in Fig. 1. Nonlinear
policies such as different NN architectures as well as linear policies were
considered for fRL. All algorithms in Table 2 were trained until conver-
gence was observed, which took around 500 training iterations using the
same training data. Note that these iterations correspond to 500 repeti-
tions of one year of training data, which is not practical in real-time, as
this would require extensive simulations of the proposed system controls
to generate the required years of data, or alternatively, measurements
over multiple years of the proposed controller. Each training iteration
consists of multiple steps, including simulating the environment, calling
the RL controller, and updating the weights in the RL controller, which
is the most time-consuming part of the process. Once the RL training is
completed, the controller quickly provides set points without the need
for retraining.

The state-of-the-art, model-free RL methods shown in Table 2 were
compared using different implementations of the reward, the observa-
tion space, and various hyperparameters. While some improvement was
observed over the course of the training, all model-free RL methods did
not find policies that were competitive with the other approaches, due
to the high number of parameters in the NN and the complexity of the
BESS scheduling task in the HEMS. Therefore, modifications were made
to obtain the most competitive RL policies, which surpassed the results
of SC, resulting in the following modified RL methods:

« ARS with a linear policy fRL based on the reduced observation space
O(7), which only takes values at time step 7 into account.

+ PPO with a nonlinear policy R based on O(t) using a NN with the
augmented features, which capture information about the future in a
compressed way such as the squared residual power, the sum over all
forecasted residual powers and the sum over all squared forecasted
residual powers as additional input data.

Applied Energy 400 (2025) 126465

T T T T T T
—— sC
27 —— PPO ]
ARS
20 .
&
18 | .
16 | .
1 1 1 1 1 1

0 100 200 300 400 500
Training Iterations

Fig. 7. Objective function values J,,; during RL training on 500 iterations with
PPO and ARS.

The training procedure of the best run of the ARS and PPO methods
shown in Fig. 7 was evaluated with respect to the values of Jy,;. Each
iteration corresponds to a full year of data the RL agent is simulated on,
which took 100 min for the ARS and about 13.5 h for the PPO. As a ref-
erence, the result of the SC is depicted as a horizontal line. Both methods
exceed the Jp,; values obtained with SC after 500 iterations of training
data. The results of the other RL methods are highly heterogeneous de-
pending on the method and the simulation run. It is important to note
that NNs with larger architectures consisting of multiple hidden layers
and neurons, resulting in a higher number of trainable parameters, i.e.,
weights and biases, were tested with smaller NNs performing better by
showing greater improvements over the training period. Hence, given
the time constraints and the poor convergence of larger NNs, policies
utilizing smaller NNs were used.

RL methods are non-deterministic methods that can get stuck in lo-
cal minima or whose performance can deteriorate over time, as in the
case of A2C, which experiences a strong deterioration in relation to the
reward obtained in the simulation run considered. Note also that, while
the RL framework limits the power set points of the BESS, the technical
limitations of the grid are not taken into account as constraints, which
might lead to unsafe actions that can violate grid limits. Overall, it can
be concluded that although RL can learn methods that are better than
SC for Jp, the training of the methods is very sensitive to the choice
of hyperparameters, the definition of the reward function, and the ob-
servation space, as well as to the particular simulation run due to the
non-deterministic behavior of RL. For practical applications, this means
that special attention must be paid to infeasible and suboptimal con-
trol decisions of RL controllers, which may result in limit violations and
suboptimal costs. Therefore, an additional check is needed to discard
infeasible control set points exceeding the technical limits of the BESS,
forcing the system to operate at its closest limit in this case.

3.6. Comparison of control policies

To compare the developed BESS control policies f, each policy
was evaluated on a previously unseen year of data, and the results
were analyzed with respect to the metrics described in Section 3.2.
For the evaluation of model-free approaches, the inference time of the
policy was used to obtain realistic computational times for practical
applications.

The resulting metrics are given in Table 4, highlighting in bold
the best results for each metric. Observe that all methods improve Jp,
compared to the reference case without batteries. The best results are
achieved for the BCF by D-MPC, L-MPC, and NL-MPC, demonstrating an
improvement of 51.2 % for BCF and 21.7 % for WCF compared to the SC.
This is due to the combination of perfect predictions and model-based
methods. Furthermore, the heuristic, rule-based SC performs worse than
the model-based and model-free policies, as no predictions are consid-
ered in this case and the correlations in the given data cannot be learned
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Table 4
Overview of result metrics for the testing year of BESS scheduling.
Category Control policy Forecaster > Jps voltages transformer lines Calculation time per step
[MWh?] [# of violations] [# of violations] [# of violations] u [s] o [s]
Rule-based No batteries - 23.15 10 1553 16 - -
SC - 15.48 10 1106 10 6.0-10° +2.9-107°
Model-based D-MPC WCF 12.10 4 375 6 0.71 +0.06
BCF 7.55 0 11 0 0.69 +0.06
L-MPC WCF 12.11 4 292 6 242 +4.00
BCF 7.55 0 9 0 2.20 +0.21
NL-MPC WCF 12.11 2 273 4 5.12 +9.70
BCF 7.55 0 0 0 4.66 +0.24
Model-free IL WCF 12.04 6 420 5 8.86- 107 +3.8-107*
BCF 8.60 2 36 0
GIL WCF 12.05 4 412 7 3.1-1073 +23-1073
BCF 7.96 0 12 0
RL - lin ARS - 14.54 10 902 10 2.1-107* +9.8-107*
RL - PPO WCF 15.55 10 1097 5 14.23-1072 +8.84-107*
BCF 14.80 8 1093 2
in the model. The objective function value J,; of the model-free methods —.— No BESS NL-MPC  —-— GIL
results in an improvement of 6.1' % for RL, 44.4 % for IL, zjlnd 48.§ % — sC D-MPC ~ -eeee- ARS
.for GIL compared .to the SC. This shows that RL only achieves slight L-MPC L PPO
improvements, while IL and GIL come close to the results of the model- .
based methods. This can be explained by the fact that RL has difficulties x
in learning the complex relationships with a continuous action space de- E> or ]
spite many training epochs, while IL and GIL are trained on the optimal § 100
schedules of the model-based methods. It is important to note that both <
IL and GIL are inherently limited in their control performance by the
quality of the underlying CP that is being imitated, and thus the choice §
of the expert policy used is important. 200 .
. . . . =1
Note in Table 4 that the amount of grid violations for all control 2
policies is less than or equal to the reference case, which shows that 5]
the BESS results in an improvement in grid loading under the proposed LS () 2 S Ehowcrfii. SONEIRRI SIS, B

peak shaving objective. The total number of grid violations is highest for
the rule-based SC, as it has no knowledge of the grid equations and no
predictions. As expected, the “ideal” NL-MPC for BCF, which does not re-
sult in any grid violations due to the consideration of the nonlinear load
flow equations, performs best for all the considered metrics. Observe
also that the consideration of linearized load flow equations for L-MPC
leads to fewer overloads and grid violations than for D-MPC, showing
that considering grid equation constraints is beneficial. The model-free
methods achieve an improvement from 18.1 % to 99 % for the total
number of grid violations compared to the rule-based SC, and are close
to the results of the model-based methods.

The results in Table 4 further illustrate the influence of forecast qual-
ity on the objective function values for all policies, showing that the
achievable values and grid violations are highly dependent on the accu-
racy of the forecasts. Notably, forecast errors in WCF significantly impact
model-based policies more than model-free approaches, primarily due to
the constraints inherent in the model-based MPC strategies.

The mean values u and standard deviations ¢ of the required cal-
culation time per time step in Table 4 show that the calculation time
is the same for the model-free approaches with WCF and BCF, since
the same trained model is used in both cases. Observe that the SC is the
fastest, as it only has to calculate a hysteresis function (12). As expected,
the model-based methods have the highest computation time, with the
NL-MPC taking the longest due to the significant complexity of the non-
linear constraints in the optimization problem. As expected, a significant
reduction in computing time can be achieved by using model-free poli-
cies, resulting in speed ups of up to four orders of magnitude over the
model-based methods and only one order of magnitude slower than the
rule-based SC.

Fig. 8 shows the grid power Pyy,y at the MV/LV transformer for
a summer day with the highest irradiance for all implemented policies,

10

0 20 40 (b) 60

Time steps in 15 min

80

Fig. 8. Exchanged (a) power and (b) energy with MV grid for a summer day
based on BCF.

with the positive and negative values indicating the flow direction of
the power flow through the transformer, i.e., positive values represent
power flows from the MV to the LV grid, and the opposite for negative
values. The summed energy Y, . Epq «(t) of all BESS in the considered
grid is also depicted. Observe that at noon, power is generated from
the PV, resulting in the batteries being charged simultaneously, and the
surplus yields a reverse power flow. Note also the dominant peaks in
the grid power for the reference case, which are partially prevented by
the SC, but not for all peaks, as the BESS are at their SOC limit; similar
behavior can be observed for the RL policy. Notice that the other control
policies manage to smooth the grid power during the day, although there
may be slight deviations between the model-based policies and IL and
GIL due to the approximate behavior of the NNs.

Fig. 9 depicts the range of occurring voltages, currents, and trans-
former powers for all policies. Note that for the reference case, SC and
RL result in high overloads of more than 120 % of the grid equipment
as well as voltage band violations, whereas the other methods lead to
a significant reduction in overloads and voltage violations. The model-
based methods achieve very good results for the BCF, as they comply
with the voltage band and line limits for every time step in the year
and only result in a few transformer overloads slightly exceeding 100 %.
Voltage band violations and transformer overloads occur with the IL and
GIL methods, which perform significantly better than the model-free RL,
since RL methods have difficulties in learning the correlations in the grid
due to the complexity of the system.
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Fig. 10. Objective function values and computation time based on BCF and grid
violations.

Fig. 10 illustrates the calculation time of the methods with the corre-
sponding objective function values for BCF from Table 4. The size of the
individual points represents the number of grid violations. The trade-off
between high model accuracy with few grid violations and long cal-
culation times versus fast calculation times and less accuracy can be
seen in this figure. PPO has higher computational time due to the cal-
culation of augmented features for every time step. In the midfield are
the model-free approaches from imitation learning, which represent a
compromise between model accuracy, grid violations and reasonable
computing time. Note that in the considered case, computation times
are well below the temporal resolution At due to the relatively small
grid size and chosen complexity of the building models. It is expected
that this might not be the case for larger grids, where the simulation
time can exceed the temporal resolution, which would lead to scenarios
that cannot be solved in time, making MPC-based approaches impracti-
cal. In this case, the model-free approaches can still be applied due to
their approximative behavior and significantly lower calculation times.

3.7. Discussion

While the presented study provides valuable insights into the com-
parison of model-based and model-free control methods for BESS con-
trol, it is important to acknowledge several limitations inherent in the
analysis.

Thus, first, although a clear trend was observed between the per-
formance of model-based and model-free control methods, revealing
trade-offs that highlight the respective strengths and weaknesses of these
approaches, the comparison itself was constrained by the scope of the
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simulation. Specifically, the study was conducted on a single benchmark
grid to maintain manageable simulation times for a simulation period of
one year with A7 = 15 min. This restriction inherently limits the diversity
of scenarios considered and may not fully capture the performance vari-
ations under different grid configurations and/or operating conditions.
The general trends observed in this study may be applicable to other sim-
ilar grids, but to draw definitive conclusions, further analysis of a large
number of diverse benchmark grids would be required. In this context,
it is important to mention that the obtained results focus on making a
comparative investigation of various model-based and model-free HEMS
control methods, highlighting their advantages and disadvantages.

Second, the considered case featured a time resolution significantly
longer than the calculation times of the model-based methods, which en-
sured feasibility within the simulation framework. However, extending
the analysis to cases where this assumption no longer holds, presents a
significant challenge. For instance, considering scenarios where model-
free approaches require training data that comprehensively covers all
seasons would necessitate simulation times spanning multiple years,
making such studies computationally prohibitive.

Third, while the presented results are focused on a simple but practi-
cal system, the implications for more complex systems remain uncertain.
The inclusion of additional controlled equipment, particularly EV charg-
ing and HVAC setpoints, or grids with a larger number of nodes would
drastically increase the computational demands for model-based meth-
ods, such as MPC. Therefore, it is reasonable to expect a substantial
increase in the required calculation times in these cases. In contrast,
the model-free approaches benefit from inference times that remain
largely independent of problem complexity, offering a potential advan-
tage in larger systems. However, this comes with the caveat that the
synthetic data generation for training such methods when actual data is
not available would also scale with the complexity of the system.

4. Conclusion

Different methods from the rule-based, model-based and model-free
research domains were compared here for a benchmark LV grid to con-
trol multiple BESS using the proposed framework. A detailed analysis
from a homeowner and DSO perspective was carried out using sev-
eral metrics, showing that model-based and model-free methods can
achieve improvements over a typical, heuristic rule-based controller.
The best results in terms of objective function value and constraint vio-
lations were achieved with model-based methods, but at the expense of
the higher computational times associated with these methods. Model-
free approaches resulted in a reduction in computational time of up to
four orders of magnitude with a slight loss in accuracy, demonstrating
the advantage of these methods for solving complex optimization prob-
lems. Furthermore, the effect of different forecast quality available to
the methods was investigated, showing an expected decrease in overall
performance with lower forecast quality, highlighting the value of using
model-free approaches in realistic settings.

Future studies can investigate the application of model-based RL in
the presented framework, which may circumvent the limitations of RL
highlighted in the paper. Another possible research direction deals with
the combination of model-free and model-based methods, taking into
account the short computation time of model-free methods and the accu-
racy and basic physical equations of model-based methods. Furthermore,
to prevent poor decisions by RL controllers, hybrid methodologies could
be examined, in which a classical heuristic controller may be utilized as
a fallback option in such cases. Finally, investigations into applying the
proposed methods for grids with a large number of nodes can also be per-
formed to demonstrate the advantages of the reductions in computing
time.
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