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With the emergence of affordable access to data sources, machine learning models and computational
resources, sophisticated control concepts for residential energy management systems (EMSs) are on
the rise. At the heart of those are production and consumption forecasts. Given the wide spectrum of
implementation opportunities, selection of appropriate forecasting strategies is challenging. This work
systematically evaluates forecasting-based optimization for residential EMSs in terms of trade-offs

Keywords: between economic profitability, computational complexity and security. The foundation of the study
Energy management system is two real prosumer cases equipped with a photovoltaic-battery system. Results demonstrate that,
Prosumer within the considered scenarios, best trade-offs are achieved based on forecasts of a default gradient-
Flexibility boosted decision trees model, using a short initial training set, weather forecast inputs and regular

Forecasting
Machine learning
Security

retraining. Over 90% of the theoretical maximum economic benefit is achieved in this scenario, at
significantly lower computational complexity than others with similar savings, while being applicable
to new systems without large data history. In terms of security, this scenario exhibits tolerance
against weather input manipulation. However, sensitivity to price tampering may require data integrity

checking in residential EMSs.
© 2023 The Author(s). Published by Elsevier Ltd. This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/).

1. Introduction techniques with PV production and load forecasts. Given the af-

fordable or even free access to weather and electricity prices data,

Electricity grids are facing increasing shares of volatile renew-
able generation and variable consumption due to the electrifi-
cation of the mobility and heating sectors [1,2]. The resulting
larger temporal changes in supply and demand are entailing a
need for electricity flexibility, with a great potential found within
the residential sector [3]. At the same time, the increase and
fluctuations in electricity prices motivate consumers to optimize
their consumption. In that context, residential energy manage-
ment systems (EMSs) constitute a promising solution, as control-
ling flexible energy resources allows to simultaneously provide
(1) flexibility to the power system, and (2) financial benefits
to consumers.

Given their steady cost decrease, photovoltaic (PV)-battery
systems have become prominent examples of residential flex-
ibility assets [4]. Existing EMSs typically apply simple myopic
heuristics or rule-based controls for battery scheduling, without
consideration of future electricity prices, production and con-
sumption [5]. More advanced approaches combine optimization
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machine learning (ML) models and computational resources, such
more advanced concepts slowly find their way into application.
The use of forecasts is at the center of these optimization-
based approaches. However, the wide range of implementation
options and limitations makes selection of an appropriate fore-
casting strategy a compelling task. Overly complex models may
provide minimal improvements at the cost of computational
overhead. On the contrary, the lack of historical data for newly
installed PV-battery systems may render the implementation of
advanced models infeasible. Finally, strategies relying on data
integration via the Internet (e.g., weather data or cloud-based
forecasts) may open new opportunities for adversaries aiming at
financial damage, for example, through data manipulation. These
observations illustrate the need for a systematic and holistic
assessment of different forecasting strategies for optimization in
residential EMSs, considering trade-offs of profitability, complex-
ity and security (see Fig. 1). In a nutshell, this can be expressed
by the following research question: “Under which conditions of
data availability, computing resources and model complexity can
forecasting-based battery scheduling in residential EMSs provide best
trade-offs regarding economic profitability, computational complex-
ity and security?” To address this question, this work evaluates
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Nomenclature 4 Manipulated spot price [€/kWh]
GHI 1-h average GHI forecast [W/m?]
Abbreviations 0] 1-h avg. cloud opacity forecast [-]
ANN Artificial neural network A Indicator of prosumer absence [-]
BMS Battery management system B Econofmlhc bene{nt [€]
EMS Energy management system b Day o tcl € week [_1] b
GBDT Gradient-boosted decision trees F Fees and taxes [€/kW ], .
GHI Global horizontal irradiance f Fees and taxes of a 5-min time step [€/kWh]
HPC High-performance computing H Hour of the day [-]
IoT Internet of things K Energy cost [d€]
ML Machine learning M Mem"“_’ need [-] .
PV Photovoltaic 0 Approximated number of operations [-]
; L_ PV
PVMS Photovoltaic management system p b 5—m¥r1 avg. net demand (p p ) [kw]
RMSE Root mean squared error p 5-min avg. power from the grid [kW]
SM Smart meter P 5-min avg. battery charging power [kW]
sOC State of charge pd 5-min avg. battery discharging power [kW]
TPE Tree Parzen Estimator pt 1-h avg. load consumption [kW]
p* 5-min avg. load consumption [kW]
Parameters P 1-h average PV production [kW]
PV ; .
o Aggressiveness of the attack [-] ps >-min avg. PV production [kW] .
AT Normalized duration of a time step [-] p 5-min avg. power sold to the grid [kW]
n Battery efficiency [-] R Random number drawn from uniform distribu-
Dinv Inverter power capacity limit [kW] tion [._] .
5 Battery upper SOC limit [kWh] B Relative economic benefit [-]
s Battery lower SOC limit [kWh] ™ Relat%ve memor}’ need [-] )
d Feature dimension [~] r0 Relative approximated number of operations [-]
k Depth of decision trees [-] S SOC at end of a 5-min time step [kWh]
L Dataset length [-]
m Number of decision trees [-]
N Number [-] _ - optimization-based control in residential EMS under several fore-
v Number of nodes in decision trees [-] casting cases defined by a variety of model types, data availability
w Time series window length [-] scenarios and modeling strategies on two real prosumer cases.
Sets
N Hyperparameter space Assessing forecasting-based optimization in residential EMSs
® Set of hyperparameters Complexi Profitabili Securi
T Set of steps in the optimization horizon ‘ omplexity ‘ ‘ rofitability ‘ ecurity
w Set of optimization variables
: ?r:l(iens?l?rljlemstr:;vmg average window Fig. 1. Aspects for evaluating forecasting-based optimization in EMSs.
C Forecasting case
c’ EMS scenario 1.1. Related work
fl 1-h time step . Most works on optimization in residential EMSs assess fore-
! Dataset observation . casting only by means of profitability. Typical approaches in-
J 1-h time steps ahead index clude the comparison of state-of-the-art rule-based control with
q Time-series cross-validation fold forecasting-based optimization techniques [6,7], and the evalua-
Variables tion of different levels of forecast accuracy [8-12]. The authors
of [7] compare a rule- and optimization-based strategy over the
X Vector of covariate values [-] period of one year. Results demonstrate an up to 25% cost re-
S Battery charging/discharging status [-] duction by applying the latter. However, perfect weather and
A Forecast of spot price [€/kWh] load forecasts (i.e., actual measured values) are assumed. The
pL 1-h avg, load forecast [kW] authors of [9] evaluate the impact of forecast uncertainty. Instead
by & o f of evaluating real forecasts, random errors are artificially added
P 1-h ave. PV productl'on orecast [kW] to measurements to model forecasting uncertainty. Moreover,
A Spot price of a 1—h.t1rr.1e step [€/kWh] the evaluation is only based on simulation data for one week
A Spot price of a 5-min time step [€/kWh] on a 30-min resolution. As shown in [11,13], time resolution,
nRMSE Normalized RMSE [-] and thus the frequency at which the system is re-optimized
rRMSE Relative RMSE [-] (optimization frequency), has significant impact on economic per-

formance assessment. In [8,10], the authors compare the impact
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of perfect and realistic forecasts on economic performance. Both
consider data of hourly resolution. Moreover, [8] is based on an
artificially created dataset. Separate consumption and production
data sources are combined, which breaks any existing correlation
among those. The authors of [11] compare various forecasts for
PV generation and load consumption. Several types of persistence
models as well as perfect forecasts are considered for both PV
and load forecasts. Additionally, artificial neural network (ANN)-
based forecasts are used for load consumption, and an irradiation
forecast-based PV model for PV forecasts. Compared to the pre-
viously described works, optimization frequency is two minutes.
Moreover, several sensitivity analyses are conducted, including
varying forecast errors, optimization frequencies and battery ca-
pacities. Results demonstrate that advanced forecast models al-
low for further price savings compared to persistence. However,
prices are assumed to be always known for the next 24 h, which
is not the case for spot prices. Moreover, PV generation and load
consumption profiles of different buildings from different regions
are combined, and PV production is artificially scaled. Finally,
the impact of data availability (e.g., different amounts of training
data) and modeling strategies (e.g., retraining) is not explored.

In contrast to the above-mentioned works, some extend
economic evaluation with considerations of computational com-
plexity. In [5,6], the authors compare multiple EMS strategies,
covering both rule-based heuristics and forecasting-based opti-
mization. The authors claim that the former achieve near-optimal
solutions with lower computing resources compared to the latter.
However, the optimization only runs on a 30-min frequency.
Moreover, only persistence forecasts for PV generation and load
consumption are considered as realistic forecasting approach.
The authors of [14] propose a multi-objective predictive energy
management strategy. The proposed prediction model is com-
pared to several ML-based PV and load forecast models regarding
profitability and computational complexity. However, only hourly
data and one-step ahead predictions are considered.

In summary, the review of related literature demonstrates
that most works only evaluate forecasting-based optimization in
terms of profitability. Further, a large fraction exhibits method-
ologically shortcomings as they use short evaluation sets with low
data resolution (30-60 min), assume to know prices for the entire
optimization period or rely on artificially constructed prosumer
datasets. To the best of the authors knowledge, no work system-
atically assesses several forecasting strategies for optimization in
residential EMSs regarding economic profitability, computational
complexity and security.

1.2. Contribution and paper structure

The main contributions of this work are as follows:

e Systematic and holistic evaluation of multiple scenarios of
forecasting-based battery schedule optimization in residen-
tial EMSs.

e Consideration of various forecast cases defined by different
model types, data availability and modeling strategies.

e Investigation of two real prosumer cases on an evaluation
period of more than one year, considering an optimization
frequency of 5 min and realistic price availability.

e Recommendations on optimal strategies for forecasting-
based optimization in residential EMSs regarding trade-offs
between economic profitability, computational complexity
and security.

The remainder of this paper is structured as follows: In Sec-
tion 2, the investigated prosumer scenarios are described. Sec-
tion 3 introduces the applied methodology with regards to con-
trol strategies and underlying forecasting cases. In Section 4, de-
tails on the experimental setup and metrics are provided. Results
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are presented and evaluated in Section 5. Finally, a discussion
of result implications is provided in Section 6, followed by a
conclusion and view on future work in Section 7.

2. Prosumer concept and case description

In this study, two different residential prosumers are con-
sidered, which are each equipped with rooftop PV, a stationary
storage system and an EMS (see Fig. 2). A common PV-battery
inverter is assumed. The EMS comes with a dedicated smart
meter smart meter (SM) that measures power at the grid con-
nection point. PV and battery measurements are provided by the
battery management system (battery management system (BMS))
and PV management system PV management system (PVMS),
respectively, while load consumption is deducted from these
measurements. The BMS further provides the current state of
charge state of charge (SOC). While the measurements are sam-
pled at high rates, they are usually available to users in extracted
reports at, for example, 5-min resolution. The present work is
based on such 5-min average values. Load and PV variations
within the averaging period are not taken into account. Note that
another meter is installed by the utility company for billing, but
typically these meters provide only accumulated energy import
and export values at 15- to 60-min rate. The prosumers are
subject to instantaneous summation netting, that is imports and
exports are summed up separately on the net result of all three
phases [13].
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Fig. 2. Schematic representation of the residential energy system of both
considered prosumers.

Apart from residential energy system-specific data, such as
power measurements or the battery’s SOC, the EMS has access to
spot prices, which are published every day at 13:00 for the fol-
lowing day. Additionally, prosumers may acquire forecasts from
third parties. One scenario is receiving weather forecasts, which
can be used to generate PV and load forecasts locally. Another
is direct procurement of the latter, for example, from providers
of cloud-based forecasts. In this case, prosumers may need to
provide historical and/or real-time measurements.

The consideration of two prosumers is justified by differ-
ent production and consumption levels and patterns, allowing a
broader evaluation of forecasting-based optimization. Production
levels differ due to a higher nominal power of the PV plant of
prosumer 1. Differences in load consumption mainly result from
electric vehicle (EV) charging in case of prosumer 1, which entails
a higher load level and less predictable patterns compared to the
second one. Moreover, prosumer 1 purchased another EV in 2022,
resulting in a change of load level and patterns during the record-
ings. Finally, prosumer 1 exhibits a higher self-consumption due
to alignment of EV charging to PV production. Based on these
characteristics, prosumer 2 can be considered a more traditional
passive consumer, while prosumer 1 represents an already active
future consumer. More details on the prosumers’ setup follow in
Section 4.1.
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3. Methodology

This section introduces the underlying methodology of the
different scenarios of forecasting-based optimization and a rule-
based control benchmark, which together are referred to as EMS
scenarios in the following. Section 3.1 describes the considered
battery control strategies. In Section 3.2, different cases of PV and
load forecasts are presented, which constitute the central foun-
dation of the EMS scenarios. Finally, the realization of spot price
forecasts is addressed in Section 3.3, followed by the introduction
of two data manipulation scenarios in Section 3.4.

3.1. Battery control strategies

This subsection describes the two considered battery con-
trol strategies, namely an offline rule-based control benchmark
(Section 3.1.1) and forecasting-based rolling-horizon optimiza-
tion (Section 3.1.2).

3.1.1. Offline rule-based control benchmark

Rule-based controllers not depending on any prosumer-exter-
nal information are common in real-life applications because they
are robust, easy to implement and have minimal computational
requirements. Thus, this offline approach will serve as a bench-
mark in the present study. The control mode that is used in
this work, and many commercial PV-battery systems, minimizes
the exchange of energy between the prosumer and the grid [5].
Let pt and p® denote the 5-min average consumption and PV
generation at time step t, respectively. The difference of the
two is the net demand p, = p' — pfV. Each time step t has
a normalized duration of AT, where AT = 1/12 for a 5-min
step duration. When there is power surplus from the prosumer
side, energy is stored in the battery. Once the battery is fully
charged, excess energy is fed to the grid. If there is power deficit,
energy from the battery supplies the load. If this is not possible
because there is no sufficient energy stored, power is drawn from
the grid. In all cases, battery inverter constraints are taken into
account. A common inverter for the PV and the battery is assumed
(see Fig. 2), so that the total power produced by the PV and
flowing out of the battery cannot exceed the inverter's power
capacity. The described control logic is summarized in the form
of an algorithmic description in Algorithm 1, where 7, pS and pf
denote the battery’s efficiency, charging and discharging power,
respectively. s, is the SOC at the end of a 5-min period 7. The
average power bought from/sold to the grid at t is represented
by p‘; and p?, while 5, s and p;,, represent the upper/lower SOC
limit and inverter power capacity, respectively.

Algorithm 1 Rule-based strategy for minimizing energy ex-
changes with the network.

p‘r <~ pI-E - pEV
if p, > 0 then
pg < min(pyy, — Pt pr. (Sc—1 — $)n/ AT)
p? < pr —po
p <0
pS <0
else
pg <~ min(ﬁinv, —D-, (§ - 5171)/(77AT))
P} < —p. — s
<0
pf ~0
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3.1.2. Forecasting-based rolling-horizon optimization

More advanced battery control schemes consider schedule op-
timization, which typically relies on prosumer-external informa-
tion such as spot prices (see Fig. 2). In this work, an optimization
problem according to

min ;[(Mir +fpb — A,|X,p§] AT, (1a)
s.t. 0<p’, 0<pd (1b)
0 <pS <68:Diny (1c)

0 <pf < (1—8:)Piny (1d)

P + b < Piny (le)

p? —p} =pr — P +pS — pf (19)

Sea1 =Sc + [Pl n+ Dl /n] AT (1g)

S0 =5 Sugp =5 (1h)

$<s <5 (11)

is considered. The set of optimization variables is denoted by
W. At every 5-min time step 7, the problem is solved over a
look-ahead horizon of size wqy, corresponding to a set of steps
T ={1,2,..., wopt}. Spot prices A and imposed fees and taxes
F are hourly. Thus, constant values are used for each 5-min step
t within the respective hour, represented by A, and f,. Unknown
future values of pf", pt and A, within the look-ahead horizon are
supplemented with forecasts. These are provided as hourly values
and denoted by P!V, P: and Ay, for a 1-h time step h. For all 5-min
time steps T within the corresponding hour h, constant forecasts
are considered, which are referred to as p*, pt and A.. Whether
true or forecasted prices are used in (1a) depends on the step t
within 7, which is indicated through a X;|1; notation. PV and
load forecasts for a prediction horizon of size wy, are performed
every hour in a rolling fashion. Consequently, new forecasts are
available every hour. As a default, this work assumes w;,; = 36,
which corresponds to an optimization horizon of we,e = 432.
Initial studies suggest that wy, = 36 is sufficiently large to ap-
proximate the performance for w,; — 0o. The impact of varying
prediction horizons is evaluated in Section 5. Prices are published
every day at 13:00 for the upcoming day. Price forecasts are
performed at the same time and extend the published prices by
another day. Further details on the PV, load and price forecasts
follow in Section 3.2.

The battery charging/discharging status is represented by 4,
and constitutes a binary decision variable. Starting and ending
SOC values are denoted by s° and s¢. The related constraint in
(1h) requires the battery to be half charged at the end of the
optimization period. All constraints (1b)-(1i) are imposed V 7 €
T except for (1g) and (1h), which hold V 7 € T\wgp. After
implementing the resulting optimal battery schedule at 7, a new
optimization problem is solved at the following step based on the
latest measurements and forecasts. GLPK [15] and CVXPY [16] are
used as open-source optimization solver and modeling language,
respectively.

3.2. Forecasting cases

This subsection describes the considered cases of PV and load
forecasts required for battery schedule optimization (see Sec-
tion 3.1.2). The set of forecasting cases is created by varying
model type, data availability and modeling strategies. While Sec-
tions 3.2.1 and 3.2.2 introduce the considered scenarios of data
availability and modeling strategies, respectively, applied forecast
model types are introduced in Section 3.2.3-3.2.5. An overview of
the 18 resulting cases (C1-C18) is provided in Table 1.
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3.2.1. Data availability

In this work, different availability and usage scenarios are
considered with respect to historical training data and exter-
nal weather forecasts (see Table 1). As for historical data, a
small and large set are considered. The former represents a sce-
nario of minimal available data history, which might result from
a newly installed PV plant, metering device or EMS. For the
latter, a long operation history of the PV-battery system is as-
sumed. Varying the training set size aims to assess whether (1)
data-driven forecasting can be applied to new systems “out-of-
the-box”, and (2) extensive data histories allow for significant
forecast improvements and additional economic benefits.

As for external weather data, GHI and cloud opacity fore-
casts are considered. These can be obtained against payment
or partly free of charge [17,18]. The comparison of cases with
and without use of weather forecasts enables to assess if addi-
tional effort and potential costs of incorporating external weather
data are justified by savings through higher forecast accuracy.
Moreover, it allows contrasting profitability gains with security
concerns arising from the dependency on potentially manipulated
external data.

Both larger training sets and additional features increase the
amount of data to be processed, which ultimately impacts com-
putational complexity. If the computational burden exceeds the
capabilities of typical EMS hardware, cloud-computing may be
necessary. In this case, sensitive consumption data may need to
be provided to third-parties, which should be taken into account
in the assessment of different forecasting strategies.

3.2.2. Modeling strategies

The considered modeling strategies comprise model (hyper-
parameter) selection and regular retraining (see Table 1). Both
are typical procedures which usually improve accuracy, however,
at the cost of increased computational complexity. Contrasting
cases with and without applying these strategies provides insight
regarding optimal trade-offs between profitability and computa-
tional burden. Similar to the processing of extensive data (see
Section 3.2.1), complex modeling strategies may necessitate cloud
computing. Resulting privacy concerns should be considered in
the evaluation of forecasting strategies.

3.2.3. Naive forecast
The first model type is a naive persistence forecast, which
is a popular benchmark and frequently applied by studies on
forecasting-based optimization of PV-battery systems [6,11]. The
term persistence stems from the fact that values within the pre-
diction horizon of size wy, are assumed to be the same as in a
previous period. Daily persistence is considered for PV forecasting
according to
Pﬁi]s B Pfl::wpr = PII:X1—24v R Plfxwpr—zu- (2)
To account for different consumption patterns between week-
days and weekends, weekly persistence is applied for load fore-
casting as given by

AL AL _ pL L
Ppigsens Ph+wpr =Py _7040 -+ Ph+wprf7-24~ (3)

Eqgs. (2) and (3) are implemented as rolling forecasts, generat-
ing predictions at each time step h for the following wp, hours.
The model is implemented in Python using the open-source fore-
casting library Darts [ 19]. Persistence forecasts are independent of
training data, external weather data as well as model selection or
training processes (see Table 1). This simplicity renders it also an
attractive strategy for residential EMSs, as shown by the frequent
consideration in many related works.
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Table 1
Overview of forecasting cases with regards to model type, data availability and
modeling strategies.

Case  Model Data availability Modeling strategies
Train set size Weather data Selection Retraining
C1 Naive None No No No
2 GBDT Small No No No
c3 GBDT Small No No Yes
C4 GBDT Small No Yes No
(6] GBDT Small No Yes Yes
C6 GBDT Small Yes No No
Cc7 GBDT Small Yes No Yes
c8 GBDT Small Yes Yes No
c9 GBDT Small Yes Yes Yes
Cc10 GBDT Large No No No
C11 GBDT Large No No Yes
C12 GBDT Large No Yes No
C13 GBDT Large No Yes Yes
C14 GBDT Large Yes No No
C15 GBDT Large Yes No Yes
C16 GBDT Large Yes Yes No
C17 GBDT Large Yes Yes Yes
C18 Oracle - - - -

3.2.4. GBDT forecasts

To enable a fair comparison of different data availability and
modeling strategy scenarios for PV and load forecasting, the same
model type (gradient-boosted decision trees (GBDT)) is consid-
ered for the cases C2-C17 (see Table 1). Although comparing
different ML models would provide additional insights, it is out
of the scope of this work. GBDT [20] is a widely applied ML
technique. Its popularity arises from its efficiency, interpretability
and state-of-the-art accuracy, as, for example, demonstrated by
regularly winning data mining and time series forecasting compe-
titions [21]. Moreover, they are actively researched and improved
as many recent versions, such as XGBoost [22], LightGBM [23]
and CatBoost [24], demonstrate. GBDT combines the predictions
of many individual decision trees, which constitute a set of weak
learners. The trees are connected in series, so that each learner
tries to minimize the residual between ground truth and predic-
tion of the previous tree. The simultaneous high accuracy and
efficiency renders GBDT a promising candidate for residential
EMS applications.

GBDT is applied to predict the expected values for a predic-
tion horizon of wp, steps at time step h based on lag values

PVIL PVIL . PVIL PVIL .
Py Py, and covariates X 1y, ..., X, according to
APV APV _ 13% PV PV PV

Phy1s -+ ph+wpr = (P LA Ph*whist’ Xh+l’ st Xh+wp,-) (4)
and

pL pL _ L L L
Phars oo Py = @ (Pl Ph X

Khuy). )

where a history window of wps; steps is considered. The fore-
casts are generated every hour in a rolling fashion to provide
up-to-date predictions. Covariates comprise calendric features,
prosumer absence and external weather forecasts (see Table 2).
Absence feature A assumes that prosumers can enter holidays in
their EMS to allow load forecast models for better predictions
in these periods. Since no correlation between PV generation
and day of the week D and prosumer absence A exists, they
are excluded for PV forecasting. As a result, X" = {H, GHI, O}
and X' = {H, D, A, GHI, O} in cases considering use of weather
forecasts, and X"V = {H} and X" = {H, D, A} in cases without.
For scenarios applying model selection, the automatic hyper-
parameter optimization software optuna [25] is used in com-
bination with three-fold time-series cross-validation [26]. The
tuned hyperparameters and respective search spaces are listed in
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Table 2

Covariates considered for GBDT-based forecasting.
Covariate Sign Value range
Hour of the day H f(HeN|H=]O,..., 23]}
Day of the week D {DeN|D=]O0,..., 6]}
Prosumer absence A {AeN|A=10,1]}
GHI forecasts GHI {6171 eR| GHI > 0}
Cloud opacity forecasts 0 {6 eER| 0= [o,..., 1]}

Table 3. For all other hyperparameters, default values according
to [27] are used. To find optimal sets of hyperparameters for
PV (@ opt) and load forecasting (e, Opt) within the hyperparameter
space {2, the average root mean squared error (RMSE) over all
Nioigs folds and wp, prediction steps is minimized by

@ PV\L pvu)
Nfolds "’pr \/ZLval (@ ) P

va] , (6)

PV|L
® = arg min
opt oy

Neolgs - Wpr

where L(q1 is the length of the validation set of the gth fold,
P]pr'L( ) the j-steps ahead forecast for the ith observation in the
valldatlon set of the gth fold based on a hyperparameter set @ and
L the corresponding ground truth. The Bayesian optimization
algorlthm Tree Parzen Estimator (TPE) [28] is applied to find wqp
according to (6) within a predefined number of hyperparameter
set samples of Ni.jgs = 2000. While a large data history is
considered sufficient for identification of optimal hyperparame-
ters, small training datasets are likely to require regular model
reselection, for example, due to lack of samples of all seasons of
a year. Therefore, in cases considering a large data history (see Ta-
ble 1), model selection is only conducted once based on the initial
training set. For the ones with little training data, model selection
is conducted repeatedly every three months. Scenarios without
model selection use default parameters [27] and wpiss = 48.

Table 3

Tuned hyperparameters and associated search spaces for GBDT-based forecasting.

No. Hyperparameter Search space

1 Whist [4, ceny 192]

2 L1 regularization [0, ..., 100]

3 Bagging fraction [0.1, ..., 1]

4 Max. number of leaves in one tree [20, ..., 3000]

5 Feature fraction [0.1, ..., 1]

6 Max. depth of a tree [3, ..., 21]

7 Number of decision trees [100, ..., 10000]
8 Learning rate [0.001, ..., 0.3]

In cases which consider retraining (see Table 1), the GBDT
model is repeatedly trained every week based on the entire previ-
ous data history. If no retraining is considered, only initial training
is conducted. All GBDT-based cases (C2-C17) are implemented in
Python using the open-source forecasting library Darts [19].

3.2.5. Oracle forecast

In addition to the naive lower-end forecast benchmark, an
oracle forecast is considered to quantify the theoretical optimum.
The oracle forecast is characterized by perfect knowledge of the
future, which includes that time resolution and wp, are con-
verging to infinity. This behavior is approximated with assuming
perfect forecasts for every 5-min time step t within a prediction
horizon of wp, = 2016 steps (seven days) according to

APV APV PV
Drias - Py = pr+1’ <o Priup (7
and

AL AL L L

Dry1r---s prerpr =Dry1o - 7pr+wpr- (8)
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As the oracle forecast only constitutes a theoretical bench-
mark, no reasonable definition of data availability scenarios and
modeling strategies can be made (see Table 1).

3.3. Spot price forecast

Hourly spot prices are typically published every day at 13:00
for the following day [29]. This leads to varying spot price knowl-
edge horizons between 12 and 35 h, depending on the time of
the day. Thus, if optimization horizons of more than 12 h are
considered, price forecasts are required. Spot price forecasting is a
complex task which depends on inputs such as wind production,
consumption, calendric features and many more [30]. Recently,
first providers offer access to advanced forecasts [31]. However,
for the evaluation period considered in this work, historical fore-
casts could not be acquired. To avoid the assumption of knowing
true prices for the entire optimization period, price forecasts are
generated based on a GBDT model. Together with the publishing
of spot prices for the next day, prices for the day after tomorrow
are predicted at 13:00 according to

; A
s Anggo = D (Angss, - .-, Xit60) -

(9)

with X = {H, D}. Since advanced spot price forecasting is not
the focus of this work, only lag values and calendric covariates are
considered. Optimal hyperparameters are selected on a two-year
history following a similar approach to (6). During the prediction
of the evaluation set, the model is retrained on a daily basis. Note
that varying spot price forecasts is not explicitly part of the case
study. However, to validate this comparatively simple approach
and assess if more complex price forecasts can be justified by
significant economic benefits, a comparison to assuming true
prices is included in Section 5.2.2.

A A
Ah+36’ o Ah—wth Xh+36’ e

3.4. Data manipulation

Cost-optimal scheduling of batteries requires external data
such as spot prices and weather forecasts (see Fig. 2). While the
required connection to the internet is the foundation for such
smart applications, it also introduces new cyber vulnerabilities.
Events such as the Mirai botnet in 2016 have shown that attacks
on distributed internet of things (IoT)-devices are a reality [32].
Thus, also potential damage should be taken into consideration
whenever assessing the advancements of IoT-based applications.
Among the most famous and critical attacks in power systems
are false data injections [33]. Based on an impact quantification
of such attacks, the different EMS scenarios can be better assessed
in terms of trade-offs between profitability and security. For
that purpose, this subsection introduces two data manipulation
scenarios. While Section 3.4.1 describes manipulation of spot
price data, Section 3.4.2 is concerned with tampering of external
weather forecasts.

3.4.1. Spot price manipulation

The objective of the considered price manipulation is to ap-
proximate an opposite behavior of cost-optimal operation. For
that purpose, the attack model mirrors prices on their moving
average according to

Wavg A

An=Ap—2- (A=Y 22, (10)
— Wavg
o=0

where w,e = 23. One attacker’s motivation could be finan-

cial damage of prosumers. However, more critical is the poten-
tial switch from peak shaving to peak reinforcing behavior of
flexible residential loads. If able to manipulate price input of
multiple EMSs, an attacker could target overloading situations
entailing disconnection of customers. The attack model in (10) is
exemplarily depicted in Fig. 3.
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Fig. 3. Exemplary depiction of the spot price manipulation according to (10) on
an excerpt from April 2022.

3.4.2. GHI and cloud opacity forecast manipulation

Reducing the accuracy of inputs for PV and load forecasts is
likely to translate to lower economic benefits due to sub-optimal
battery scheduling. Therefore, an attacker’s motivation for ma-
nipulating weather forecast inputs could be financial damage. As
damage increases over time, attackers may try to keep modifi-
cations discreet to avoid detection. This behavior is imitated by
adding noise of different intensity levels to GHI and cloud opacity
forecasts according to

GHinyj = GHInyj - (1+ aR), Vj € [1,2, ..., wp] (11)
and
Ontj = Opsj - (14 aR), Vj € [1,2, ..., wpel, (12)

with R being a random number drawn from the uniform distri-
bution R ~ U(—1, 1) and « the aggressiveness of the attack with
o € [0.2,1,10]. To further hide the attack, physically implau-
sible values are avoided by containing manipulated GHI values
between zero and the maximum value in the respective region,
and cloud opacity between zero and one. The attack models in
(11) and (12) are exemplarily depicted in Fig. 4.

’ True forecast Manipulated forecast

a=0.2

a=1 a=10

(a) GHI forecast manipulations

(5/ 0.5

0
00:00 12:00 00:00 12:00 00:00 12:00
~ Time . X
(b) Cloud opacity forecast manipulations

Fig. 4. Exemplary depiction of (a) GHI and (b) cloud opacity forecast
manipulations on an excerpt from June 2022.

4. Experimental setup and metrics

This section is concerned with the experimental setup and
applied metrics of the present study. Section 4.1 provides pro-
sumer and data specifications. Thereafter, the applied forecasting
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performance metrics (Section 4.2) and economic performance
indicators (Section 4.3) are introduced.

4.1. Prosumer and data specification

The two prosumers are located in Roskilde, Denmark, and
are subject to the DK2 day-ahead price zone. Both follow the
schematic representation in Fig. 2. They are equipped with a
PV system of 6 kW, (prosumer 1) and 5kW, (prosumer 2), re-
spectively. For the battery system, s = 8kWh, s = 0.8 kWh
and n = 0.95 is considered. Moreover, the inverter comes with
Pinv = 6KkW for prosumer 1 and p;,, = 5kW for prosumer
2. All components of the residential energy systems follow a
dimensioning typical for the Danish case. The self-consumption of
the two prosumers without battery is 67% and 44%, respectively.
In both cases the EMS receives PV and load measurements as 5-
min averages. External weather forecasts (GHI and cloud opacity)
are provided with an hourly resolution. For the two prosumers,
historical data of different length is available. The dataset of pro-
sumer 1 comprises approximately three years, beginning on the
1st of September 2019 and ending on the 30th of October 2022.
For prosumer 2, 14.5 months between the 15th of August 2021
and the 30th of October 2022 are available. In both cases, the last
14 months (1st of September 2021 to 30th of October 2022) are
reserved for evaluation in Section 5. As detailed in Section 3.2.1,
historical training data of different size are considered within
the forecasting cases. While the small set comprises the last two
weeks of August 2021, the large one spans over two years from
1st of September 2019 to 31st of August 2021. Since historical
data of prosumer 2 are not available before the 15th of August
2021, forecasting cases considering two years of training data are
only evaluated on prosumer 1.

4.2. Forecasting performance metrics

This subsection introduces the performance metrics applied to
evaluate accuracy (Section 4.2.1) and computational complexity
(Section 4.2.2) of the forecasting cases.

4.2.1. Accuracy

The accuracy for a j-steps ahead PV or load prediction under
forecasting case C is quantified based on the normalized RMSE
according to

Leyal (3PVIL,C  _PV|L\2
\/2 (e
PVILC

Leval

nRMSE; "€ = e

Leval ( l 3 )

2
Leval { #PVIL.C PVIL
\/Leval Zii"]a (P‘,i - Pi )

Leval pPVIL ’
2P

1

where Ley, is the length of the 14 month evaluation set. Nor-
malization removes the impact of the scale of PV production and
load consumption and thus facilitates comparison among different
prosumers. The overall performance of the considered multi-step
forecasts is quantified as the average over the entire forecasting
horizon of size wp, according to

> nRMSE; €

j=

nRMSESI-C = (14)

Wpr

For comparison of different forecasting cases on the same

prosumer, the relative averaged normalized RMSE rRMSESyI=C is
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considered, which follows from dividing nRMSE"Y;¢ and nRMSEL:€

avg avg
by the respective highest value among all cases' as given by
nRMSERVIL-C
PVIL,C avg
rRMSEavgl = PVILCI PVILCI7] (15)
max {nRMSE, "', . .., nRMSE_JI-<1" }

4.2.2. Computational complexity

The computational complexity of an ML model in terms of
training time, prediction time and space can be expressed with
the respective big O notation [34]. For the considered GBDT
model, these are given as Ogain (Lirain 108(Lirain)dm) (train time
complexity), Opreq (km) (prediction time complexity) and
Ogpace (vm) (space complexity), where Ly,iy is the length of the
training set, d the feature dimension, m the number of trees,
k the depth of the trees and v the number of nodes in the
trees [35,36]. Based on these notations, the number of operations
for training and prediction as well as memory needs of a PV and
load forecasting model of case C are approximated by

PVIL.C ., NC fC c PVIL,C,. PV|L.C
otrain NNtrailsLtrain lOg(Ltrain)d m ’ (16)
PVIL,C _ ,PV|L,C,,.PV|L,C
Opred X k m (17)
and
PVILC ~ ,C ..C
M ~ VmaxMmax» (18)
C C . . .
where mp,, and vy, constitute the maximum implemented

number of trees and nodes in trees, respectively.? For cases con-
sidering retraining, Lfr‘;'lic is defined by the size of the largest re-
training set during evaluation. To facilitate comparison among the

different forecasting cases, 0", 0™V'C and MPVILC are divided

¢ X train * “~pred A
by the respective maximum value across all cases according to
oPVILC
PV|L,C train
rotrain = PV ’ (]9)
orVILCt oPVILC17
max train  * * " “train
OPV|L,C
PV|L,C red
1O = D (20)
P oPVILC oPVILC17
Max 10preq s - -+ Opred
and
MPVILC
rMPVILC = ) (21)
max {MPV|L,C] MPV\L,CW}

4.3. Economic performance indicators

The set of evaluated EMS scenarios comprises rolling-horizon
optimization based on the forecasting cases C1-C18 and the
offline rule-based benchmark. For simplicity, optimization-based
EMS scenarios are referred to as their underlying forecasting case.
The energy cost under an EMS scenario C’ is calculated by

’-eval,r
K =37 [P0+ pi ] 4T, (22)
i=1
where Ley, . is the length of the evaluation period in 5-min
resolution. Based on the costs, the economic benefit under a
scenario C’ is expressed as the difference to the baseline cost
without a battery (K®¢) according to

B = Kbase _ k¢ (23)

1 c1s (oracle) is excluded as it constitutes no realistic forecasting case.

2 In cases considering model selection, combinations of v and m may occur
which entail higher memory needs than the finally selected model.
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To simplify comparison among the scenarios, their benefit is
assessed by comparing with the theoretical maximum. As the
maximum benefit is achieved in case of assuming oracle forecasts
(C18), the resulting relative benefit under an EMS scenario C’ can
be expressed as

B¢
C
B~ = ok (24)

Note that in case of a monthly cost analysis of the evaluation

period, the relative benefit rBS will be denoted as rB¢, .

5. Results

This section evaluates the considered EMS scenarios regard-
ing profitability, complexity and security. In preparation of that,
Section 5.1 examines the underlying forecasting cases in terms
of accuracy and computational complexity. Thereafter, the eval-
uation of EMS scenarios follows in Section 5.2. Unless otherwise
stated, results are based on the default forecasting horizon wp, =
36 (see Section 3.1.2).

5.1. Performance evaluation of forecasting cases

In this subsection, the forecasting cases are first evaluated
regarding accuracy (Section 5.1.1) and computational complexity
(Section 5.1.2). In Section 5.1.3, a conclusion on the trade-off
between these factors is provided. Finally, Section 5.1.4 analyzes
the error behavior of PV and load forecasts over the forecasting
horizon.

5.1.1. Accuracy

A performance overview for all cases is provided in Table 4.
Note that rRMSE g is depicted, which shows the relative perfor-
mance of each case against the worst forecast for a given variable
and prosumer. Highest accuracy is written in bold, second best
is underlined and third best dotted underlined. The absolute av-
eraged RMSEs of the best performing cases are RMSEL,: "

0.3196 kW and RMSELS) = 0.5065kW (prosumer 1) as well as
RMSEPV:®® = 0.2569 kW and RMSE-S® = 0.2555 kW (prosumer 2).

avg avg

Model type. The persistence model (C1) forms the lower per-
formance end for load forecasting. For PV forecasting, the GBDT
model without large training data, external weather forecasts,
model selection and retraining (C2) performs worst. Apart from
this exception, GBDT-based forecasts outperform the persistence
benchmark by at least 12.3 percentage points, which proves
the existence of learnable patterns in P’V and P', justifying the
application of ML models.

Historical data size. The availability of comprehensive training
data improves accuracy significantly in cases without use of ex-
ternal weather input or retraining (e.g., C2 vs. C10 and C6 vs.
C14). Other cases only exhibit minor improvements, which is
caused by two factors. On the one hand, using highly correlated
weather forecasts as input simplifies the problem and makes
comprehensive training data obsolete. On the other hand, retrain-
ing exploits newly incoming data and thus minimizes the need
for large data histories. These findings suggest that data-driven
forecasting can also be applied in scenarios of small data histories,
such as newly installed EMSs. For load forecasts, large training
data can even worsen results (e.g., C9 vs. C17). The reason is a
changing consumption behavior of prosumer 1 due to purchase
of a second EV in 2022, which renders older load data less useful
and hinders model selection and training.
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Table 4
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Accuracy and computational complexity for PV and load forecasts. Highest accuracy in bold, second best underlined and third best dotted underlined.

Case Model Train set size Weather data Selection Retraining Accuracy Computational complexity

rRMSEavg (-) O¢rqin (=) Opred (-) ™ (-)

Prosumer 1 Prosumer 2 Prosumer 1 Prosumer 2 Prosumer 1 Prosumer 2 Prosumer 1 Prosumer 2

PV Load PV Load PV Load PV Load PV Load PV Load PV Load PV Load
C1 Naive - No No No 0916 1 0954 1 0 0 0 0 0 0 0 0 0 0 0 0
2 GBDT  Small No No No 1 0.999 1 0.78 0 0 0 0 0 0 0 0 0 0 0 0
Cc3 GBDT  Small No No Yes 0.754 0782 0778 0715 0 0 0 0 0 0 0 0 0 0 0 0
Cc4 GBDT  Small No Yes No 0.795 0838 0835 0722 09 03 09 05 06 09 03 08 1 1 1 1
5 GBDT  Small No Yes Yes 0719 0759 0753 0702 1 0.3 1 0.5 06 09 03 08 1 1 1 1
C6 GBDT  Small Yes No No 0.541 0877 0567 0769 0 0 0 0 0 0 0 0 0 0 0 0
c7 GBDT  Small Yes No Yes 0401 0.678 0429 0709 O 0 0 0 0 0 0 0 0 0 0 0
Cc8 GBDT  Small Yes Yes No 0412 0714 0446 0725 09 03 09 09 1 1 1 1 1 1 1 1
9 GBDT  Small Yes Yes Yes 0.381 0.664 0.411 0.701 1 0.4 1 1 1 1 1 1 1 1 1 1
C10 GBDT Large No No No 0.705 0828 - - 0 0 - - 0 0 - - 0 0 - -
C11 GBDT Large No No Yes 0.701 0.761 - - 0 0 - - 0 0 - - 0 0 - -
C12 GBDT Large No Yes No 0.694 0791 - - 02 02 - - 0 0.1 - - 1 1 - -
C13 GBDT Large No Yes Yes 0693 0752 - - 04 03 - - 0 0.1 - - 1 1 - -
C14 GBDT Large Yes No No 0.377 077 - - 0 0 - - 0 0 - - 0 0 - -
C15 GBDT Large Yes No Yes 0373 0693 - - 0 0 - - 0 0 - - 0 0 - -
C16 GBDT Large Yes Yes No 0.363 0753 - - 05 0.6 - - 0.1 0.7 - - 1 1 - -
C17 GBDT large Yes Yes Yes 0.36 0681 - - 08 1 - - 01 07 - - 11 - -
C18 Oracle - - - - 0 0 0 0 - - - - - - - - - - - -

Weather forecasts. Incorporating GHI and cloud opacity forecasts
improves both PV and load forecasting in all cases (e.g., C3 vs.
C7). While the impact is significant for PV forecasts as anticipated,
the potential for load forecast improvement depends on the pro-
sumer. As prosumer 1 is aligning consumption (EV charging) with
PV production, the impact is stronger compared to prosumer 2.

Model selection. Model selection improves accuracy in all cases.
However, the improvement compared to using default hyperpa-
rameters usually is only in the range of 1 to 3 percentage points
(e.g., C15 vs. C17).

Retraining. Cases considering retraining exhibit lower rRMSE val-
ues compared to their non-retrained counterparts (e.g., C6 vs. C7).
As expected, the impact is larger for models with small initial
training sets. Nevertheless, even for cases assuming two years of
training data, retraining can significantly improve accuracy, given
that new changes in data distributions appear. As mentioned
above, this is the case for load consumption of prosumer 1, which
explains the comparatively large improvement for P! forecasts,
for example, between C16 and C17. In contrast, PV models trained
on two years of historical data have learned most patterns, ren-
dering improvement through frequent retraining marginal (C16
vs. C17). Compared to model selection, the improvement poten-
tial of retraining is at least in the same range and in many cases
larger.

5.1.2. Computational complexity

An overview of the computational complexities for all cases is
provided in Table 4. As for rRMSE g, relative complexities of each
case against the highest value for a given variable and prosumer
are shown.

Time complexity. From Table 4 it can be seen that model selection
is the dominating factor for both training and prediction time
complexity (rOyain and rOpreq). Cases without selection appear as
0 because their complexities are orders of magnitude smaller.
The time required for the considered model selection process (see
Section 3.2.4) and training of one GBDT model is in the range of
2 to 24 h on a high-performance computing (HPC) cluster [37].
This process could not be realized locally using the hardware of a
residential EMS and would require cloud computing. In contrast,
training a default model is in the order of seconds to minutes on
a standard laptop, allowing local realization. The strong impact
of model selection results from the entailed increase of model
size, which is a key driver of rOy,in and rOpreq. For example, in
most cases the number of decision trees raises from 100 (default
value) to over 7000. In addition, selection requires training of
Niraits models, which further increases rOajn.

The use of weather forecasts as model input also impacts
Otrain and rOpreq, as can be seen from comparison of C13 and
C17. This can be mainly explained by a higher feature dimension.
Retraining does not affect rOpq as it does not increase model size
(e.g., C12 vs. C13). In contrast, since retraining is conducted on
larger data than initial training, rO.;, increases as the compari-
son of C16 and C17 shows. Nevertheless, the impact of additional
weather input and retraining is negligible in cases without model
selection.

Space complexity. Space complexity is also dominated by model
selection (see Table 4). In these cases, rM is orders of magnitude
larger since the defined hyperparameter space (see Table 3) re-
quires evaluation of models of significantly larger size compared
to the default model.

5.1.3. Trade-off between accuracy and complexity

The highest accuracy (apart from oracle case C18) is achieved
by GBDT-based forecasting using external weather forecasts,
model selection and retraining (C9 and C17). As can be seen from
Table 4, this comes at the cost of high time and space complexity.
However, second or third best results are achieved by models
with significantly smaller complexity (C7 and C15). In these cases,
a default model is combined with the use of external weather
data and retraining. The loss in accuracy in terms of rRMSE .y
is in the range of 1 to 2 percentage points. It can be concluded
that C7 and C15 provide best trade-offs with regards to accuracy
and complexity. An example of the forecasts under C7 is depicted
in Fig. 5.

Prosumer 1 Prosumer 2
< 4
24
=
& 2
92
=
<
N /
a0 0
(a) PV forecast
3 1 Ground truth
Y \ 1-step ahead
I 36-steps ahead
0.5
_ 0
00:00 12:00 00:00 12:00
Time

(b) Load forecast

Fig. 5. Representative excerpts of 1- and 36-steps (hours) ahead forecasts of (a)
PV production and (b) load consumption.
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5.1.4. Error development over the prediction horizon

Understanding the error behavior over the forecasting horizon
adds further insight to the comparison of average performance
values in Section 5.1.1. The nRMSE™'®® and nRMSE™“° are depicted
in Fig. 6 over the prediction horizon.

In all cases the error increases with the horizon. This consti-
tutes a typical behavior as predictions further into the future are
usually more difficult. PV forecast errors of both prosumers follow
a similar trend, which can be explained by their local proximity.
The error increases rapidly up to a four-steps ahead horizon.
Thereafter, the gradient drops. The accuracy of load forecasts is
lower than for PV forecasts, which can be attributed to the ran-
domness of consumer behavior. Moreover, the nRMSE-“® evolves
differently among the prosumers. While errors begin in a similar
range at one-step ahead, they follow different gradients over the
consecutive horizon. The error of prosumer 2 almost stays con-
stant. This stems from comparatively similar load patterns among
different days. The resulting correlation with time of the day
renders load forecasting rather a regression problem, explaining
the stable nRMSE“ over the horizon. For prosumer 1 the error
increases rapidly until five-steps ahead, followed by a saturation
phase. In this case, load patterns exhibit more variation between
different days due to less predictable EV charging. The error can
be kept small within the first hours, due to similarity with the
most recent lag values of PL. Once this effect cancels out, the

stronger variation results in higher nRMSE"“® values compared to
prosumer 2.
05
2 o045
23]
1%2)
E 0.4 Prosumer 1
= — Prosumer 2
(a) f)PV
1.1
] 1
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Forecasting horizon (-)
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Fig. 6. nRMSE of (a) P? and (b) P! for both prosumers over the forecasting
horizon exemplary on C9.

5.2. Performance evaluation of EMS scenarios

This subsection evaluates the economic benefit of the EMS
scenarios, considering trade-offs with computational complexity
and security. Section 5.2.1 provides a summary of the prosumers
energy and cost quantities. In Section 5.2.2, scenarios are com-
pared and recommendations on best trade-offs provided. Based
on the suggested scenario, the impact of time of the year (Sec-
tion 5.2.3), optimization horizon (Section 5.2.4) and data ma-
nipulation (Section 5.2.5) on the economic value is assessed.

5.2.1. Prosumers overview

Table 5 provides an overview of the prosumers energy and
cost characteristics. Prosumer 1 exhibits higher production and
consumption values over the 14-month evaluation period. Both
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Table 5
Overview of energy and cost quantities of prosumer 1 and 2 based on the full
14-month evaluation period.

Energy and cost quantities Prosumer 1 Prosumer 2
PV production (kWh) 7505 5748
Consumption (kWh) 4766 3210

Base cost KP*¢ (€) —282 —43

Max benefit B€'® (€) 466 555
Rule-based benefit B™ (€) 209 310

exhibit negative energy costs® without using a battery, equal
to K" = —282€ and —43¢€, respectively. The addition of a
storage system enables a maximum additional benefit of B8 =
466€ and 555€ for the theoretical EMS scenario considering
optimization based on perfect forecasts (C18). Consequently, the
maximum total revenue over the evaluation period amounts to
748 € and 598 €, respectively. The offline rule-based benchmark,
which minimizes energy exchanges, achieves 45% and 56% of
B8 for prosumer 1 and 2, respectively. The following evaluation
examines what fraction of the maximum theoretical benefit B8
the various EMS scenarios achieve based on their underlying
forecasting case.

5.2.2. Scenario comparison and recommendation
In Fig. 7, the relative benefit rB over the entire 14-month
evaluation period is depicted for all EMS scenarios.

Impact of price forecast. The impact of spot price forecast accu-
racy is assessed on C17 (prosumer 1) and C9 (prosumer 2). Perfect
price forecasts increase rB by 0.0004 (prosumer 1) and 0.0019
percentage points (prosumer 2). This translates to an additional
benefit of 0.2051<€ and 1.072 €, respectively, over a period of 14
months. It can be concluded that sophisticated price forecasts as
extension of available prices are not required for cost-optimal
control of residential PV-battery systems.

Impact of PV and load forecasts. From C1-C9, it can be seen that
differences of rB between scenarios exhibit similar trends for
the two prosumers. In both cases, even naive persistence-based
optimization (C1) achieves significant improvements compared
to offline rule-based control (78% and 86% of the theoretical
optimum), without need for model training and selection or ex-
ternal weather forecasts. Consequently, even in the simplest case,
rolling-horizon optimization enables additional gains of 152.11€
and 168.2 € to the prosumers compared to the offline rule-based
scheme. Nevertheless, with the exception of C2, all GBDT-based
scenarios outperform persistence-based optimization, motivating
the use of ML. This is in line with the rRMSE,,,-based findings
presented in Section 5.1.1.

As can be seen from Fig. 7, highest relative benefits are
achieved by C7, C9, C15 and C17 (rB = 0.9 for prosumer 1
and rB = 0.93 for prosumer 2). This translates to additional
income of 56.01€ and 36.53 €, respectively, through use of ML
models compared to simple persistence forecasting. Among these
scenarios, C7 exhibits advantages from a computational com-
plexity perspective, since it avoids model selection (opposed
to C9 and C17) and dependency on large historical data (in
contrast to C15 and C17). On the one hand, this indicates that ML-
based forecasts are also economically beneficial for new systems
without extensive data history. On the other hand, it suggests
that the computational burden of extensive model selection (see
Section 5.1.2) is economically not justified.

3 Negative energy costs result from the fact that revenues for PV production
exceed electricity costs in the evaluation period.
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Fig. 7. Relative benefit rB of all EMS scenarios over the full evaluation period for (a) prosumer 1 and (b) prosumer 2. Best values are written in bold (excluding
oracle). Impact of assuming perfect future spot price knowledge is exemplary shown on C17 and C9.

The computational simplicity of C7 also translates to benefits
in terms of security. The use of default parameters facilitates
local implementation, avoiding any need for externalization of
PV and load forecasts to cloud-based solutions (see Section 5.1.2).
Thus, no (potentially sensitive) data need to be provided to third-
parties. Nevertheless, C7 is dependent on external weather fore-
casts, which might introduces opportunities for adversaries, as
further evaluated in Section 5.2.5. In contrast, C3 avoids using
external weather data, while exhibiting the same advantages
in terms of computational complexity. However, the potential
security advantage comes at the cost of a benefit reduction of 3-
4 percentage points, which translates to 19.09 € for prosumer 1
and 17.76<€ for prosumer 2. Note that all optimization-based
scenarios (C1-C18) require external price data. Thus, to run the
residential energy system (Fig. 2) isolated from public networks,
offline rule-based control is the only opportunity among the
considered EMS scenarios. The impact of price manipulations is
evaluated in Section 5.2.5.

To conclude, the EMS scenario providing best trade-offs in
terms of economic profitability and computational complexity
is seen in rolling-horizon optimization based on forecasts of a
default GBDT model, using a short two weeks initial training set,
external weather forecast inputs and weekly retraining (C7). It
achieves the same financial gain as models resulting from ex-
tensive selection processes at significantly lower computational
costs. Moreover, it can be applied to new systems with short
data history. The small computational burden also eases local im-
plementation, providing data security advantages. Nevertheless,
for a holistic assessment of C7, the sensitivity to attacks on re-
quired external data streams (price and weather forecasts) must
be quantified, which follows in Section 5.2.5. In the subsequent
sections, C7 is considered as representative case for GBDT-based
forecasts.

5.2.3. Impact of time of the year

Fig. 8 depicts the monthly relative benefit rBy, for offline rule-
based control as well as persistence-, GBDT- and oracle-based
optimization. Relative benefits are volatile under the rule-based
scheme in both prosumer cases, ranging from rB, = 0.102 to
B, = 0.887. The pronounced under-performance of rule-based
control around December 2021 and July 2022 is driven by two

factors. On the one hand, the margin for battery utilization is
low, either due to small PV production (December) or low con-
sumption because of holidays (July). While optimization exploits
the remaining benefits, the battery is barely used under rule-
based control. On the other hand, the respective months exhibit
particularly high and volatile prices. As the considered rule-based
scheme only discharges to cover load demand, high prices cannot
be actively exploited by grid exports.

Optimization-based battery scheduling provides more stable
values over the year, even in case of persistence forecasts. There-
fore, the difference between persistence- and GBDT-based opti-
mization is largely stable. While persistence-based optimization
is outperformed by rule-based control in some months, GBDT-
based optimization achieves the best results across the entire
evaluation period.

| = Rule-based = Persistence-based (C1) = GBDT-based (C7) = Oracle (C18) |
! M
0.8
0.6
0.4
0.2

B (')

(a) Prosumer 1

1
0.8-
0.6
04
0.2

By (')

Sep’21  Nov'21 Jan’22 Mar’22 May’22

(b) Prosumer 2

Jul'22  Sep'22

Fig. 8. Monthly relative benefit rBy, for (a) prosumer 1 and (b) prosumer 2.
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5.2.4. Impact of prediction horizon

In Fig. 9, the relative benefit rB is depicted for varying fore-
casting horizons.* The oracle-based scenario (C18) and offline
rule-based benchmark are included for the sake of easier compar-
ison, although they do not depend on wp, and therefore remain
constant. On horizons wp, < 4, rule-based control outperforms
persistence- and GBDT-based optimization. This can be explained
by under-utilization of the battery due to the 50% SOC condition
at the end of the optimization horizon (see Section 3.1.2). To
satisfy this constraint for short horizons, the battery remains at
a SOC close to 50% even in periods of abundant PV production,
instead of charging. Removing this constraint further deteriorates
performance, as the myopic optimal decision is to fully discharge
the battery. For wp, > 4, optimization outperforms rule-based
control. In case of GBDT-based optimization, the relative benefit
saturates around wy; = 16 at rB = 0.9 (prosumer 1) and rB =
0.93 (prosumer 2), respectively. Thus, horizons between w;,; = 16
and wp; = 20 should be favored because the additional eco-
nomic benefit of a longer horizon is negligible and unnecessarily
increases complexity.

1
- 0.75
Q@ = = Rule-based
05 Persistence-based (C1)
~e— GBDT-based (C7)
Oracle (C18)
0.25
(a) Prosumer 1
1
T 075
S
0.5
L

12 16 20 24

Forecasting horizon (-)
(b) Prosumer 2

28 32 36

Fig. 9. Relative benefit rB over the forecasting horizon for (a) prosumer 1 and
(b) prosumer 2.

5.2.5. Impact of data manipulation
The impact of weather forecast and price manipulation on the
economic benefits is evaluated on C7 and shown in Fig. 10.

Weather forecast manipulation. The manipulation of weather
forecast model input exhibits minor economic impact on both
prosumers. Even for « = 10, the relative benefit over the entire
evaluation period only drops from rB¢” = 0.902 to rB = 0.877
(prosumer 1) and rBY = 0.928 to rB” = 0.904 (prosumer 2),
which translates to loss of 11.62 € and 13.53 €, respectively. This
behavior can be explained by two factors. (1) Regular retraining
allows the model to recognize and react on reduced information
content of weather forecasts by putting less weight on these
inputs. If the weather forecasts would contain no information, the
model would approximate C3, which neglects external weather
data. Therefore, the maximum reduction which can result from
weather forecast manipulation can be quantified for C7 as rBS” =

4 Note that w,, = 1 is not included, since it may often lead to infeasible
optimization problems due to the ending SOC constraint.
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Fig. 10. Impact of data manipulation on the monthly relative benefit rB,, for (a)
prosumer 1 and (b) prosumer 2.

rB© = 0.863 (prosumer 1) and rB” = rB®® = 0.894 (pro-
sumer 2), respectively. (2) As the introduced errors are randomly
distributed around the true values, simultaneously processing
a sequence of w,, = 36 steps allows the model to derive a
rolling average of the weather inputs. Therefore, they provide
information even under high noise levels as the case for «
10 (see Fig. 4). It can be concluded that manipulation of ex-
ternal weather forecasts constitutes only a small economic risk
for prosumers applying forecasting-based optimization on their
PV-battery system. Therefore, avoiding use of external weather
forecasts for security reasons is not well justified. This supports
the highlighting of C7 in Section 5.2.2 as best trade-off in terms
of profitability, complexity and security within the considered
scenarios.

Spot price manipulation. As can be seen from Fig. 10, price manip-
ulation severely decreases the relative benefits in both prosumer
cases. Benefits are lower than under offline rule-based control for
each month of the evaluation period. Over the entire evaluation
period, values drop from rB“ = 0.902 to rBY = —0.362
(prosumer 1) and rBY” = 0.928 to rBY” = —0.099 (prosumer 2).
This translates to a loss of 579.32€ and 570.34€ respectively,
compared to the non-manipulated cases. It can be concluded
that a manipulation of spot prices would reduce the economic
benefit of optimization-based battery scheduling drastically and
even generate additional cost compared to a scenario without a
battery. Since all optimization-based scenarios (C1-C18) depend
on price data, only offline rule-based control mitigates such risk
within the considered EMS scenarios.

Although the potential impact of price manipulation is high,
it would require an attack to last for months. To avoid price
manipulations remaining undetected over long periods, residen-
tial EMSs should be equipped with concepts for spot price data
integrity checking. In this case, forecasting-based rolling-horizon
optimization according to C7 still provides the best trade-off in
terms of economic profitability, computational complexity and
security within the evaluated scenarios.

6. Discussion

In this section, implications of the results from Section 5 are
discussed in a broader context. Considered aspects include the
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use of ML in residential EMSs (Section 6.1), result transferability
(Section 6.2) and market readiness (Section 6.3).

6.1. ML for residential EMSs

Scenario C7 demonstrates that highest economic benefits from
PV-battery systems can even be obtained by using default ML
forecasting models with almost no initial training data. Instead
of model selection and extensive training data, the incorporation
of weather forecasts and frequent retraining is of key relevance.
This importance results from characteristics of residential pro-
duction and consumption patterns. On the one hand, the strong
correlation of PV production and weather features enables ac-
curate forecasts even with simple models. On the other hand,
residential consumption exhibits regular changes (e.g., through
new electronic devices), which reduces the value of extensive
data histories and explains the importance of frequent retrain-
ing. These findings suggest that ML-based forecasting is ben-
eficial for residential EMSs. However, data- and computation-
intensive approaches, including deep learning, are not suitable
and justifiable.

An alternative to combining ML-based forecasting with op-
timization may be seen in more advanced rule-based concepts,
which include price and weather forecast information. An ar-
gument often used in favor of the latter is low computational
burden. However, the simplicity of C7 can hardly be undercut, and
it avoids manual development and tweaking of control rules. Both
concepts can be locally implemented and thus avoid provision of
sensitive consumption data to third parties. However, ML-based
forecasting additionally exhibits robustness against weather in-
put manipulations, since it automatically puts less weight on
affected features through retraining. Last but not least, rule-based
approaches can only approximate the economic benefits achieved
by forecasting-based optimization.

6.2. Transferability

Section 5 shows similar impact of forecasting strategies on
both prosumers. For example, relative benefits exhibit the same
trends over varying forecasting cases (see Fig. 7) and horizons
(see Fig. 9). Since prosumers with substantially different produc-
tion and consumption levels, patterns and uncertainties are con-
sidered, this similarity points towards transferability of recom-
mendations on forecasting strategies to other prosumers. Never-
theless, case studies with large and versatile prosumer portfolios
covering different locations, weather conditions and component
dimensions are required to substantiate the findings.

The main difference between the two is a lower benefit level
across all scenarios for prosumer 1. This is explained by the
prosumers’ contrast with respect to predictability and optimiza-
tion potential. While prosumer 2 exhibits strong repetitiveness
in load patterns, EV charging introduces more randomness in the
other case. Moreover, the active alignment of EV charging to PV
production reduces the margin for further load optimization in
contrast to the passive behavior of prosumer 2. Given that the
two considered users represent rather extreme cases, it can be
expected that the relative benefits of other prosumers in many
cases will lie between those two.

Although results are based on prosumers located in Denmark,
findings transfer to other regions with similar instantaneous net-
ting schemes, for example, Belgium and parts of the United States
(Nevada, Arizona and New York) [13]. Further states and con-
federations move towards instantaneous metering (e.g., Nether-
lands) or are promoting the roll-out of SMs (European Union),
which provide the technical means for employing time-varying
prices and short netting intervals.
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6.3. Market readiness

The data [17], models [19] and optimization algorithms [15]
used in C7 can already be acquired and used free of charge for
private use. Moreover, simple hardware in the range of existing
EMSs or small single-board computers is capable of hosting such
applications. Therefore, forecasting-based optimization as in C7
can be considered market ready.

7. Conclusion and future work

In this work, trade-offs between economic profitability, com-
putational complexity and security of forecasting-based opti-
mization in residential EMSs are evaluated. Two PV-battery sys-
tems of real prosumers exhibiting different production and con-
sumption characteristics serve as the foundation of the study.
Several forecasting cases are considered, which result from vari-
ations of model type, data availability and modeling strategies.
The resulting EMS scenarios and underlying forecasts are system-
atically quantified and assessed regarding forecasting accuracy,
computational complexity and economic benefits, including sen-
sitivity analyses on time of the year and length of the forecasting
horizon. Moreover, two data manipulation scenarios are included
to quantify possible attack impact and assess the EMS scenarios
in terms of security. Results show that the theoretical maximum
benefit over a 14-month period in the two prosumer cases is
466€ and 555<€, respectively, compared to a scenario with-
out battery. Optimization based on naive persistence forecasts
achieves 78% (prosumer 1) and 86% (prosumer 2) of this up-
per limit. The relative benefits further raise to 90% and 93%,
respectively, in scenarios considering GBDT-based forecasts. This
performance increase already is achieved in a scenario which (1)
can be applied to new systems with short data history and (2)
can be implemented locally without need for extensive comput-
ing resources (e.g., cloud computing). The highlighted scenario
does not depend on sophisticated price forecasts and is tolerant
against manipulations of weather model inputs. However, due
to sensitivity to price manipulations, incorporation of concepts
for price data integrity checking into residential EMSs should be
considered.

Future studies should evaluate the profitability, complexity
and security trade-offs for other residential energy systems, such
as electric vehicle- or heat-pump-based setups. Another aspect of
interest is to understand if intra-hourly forecasts can provide fur-
ther benefits despite the high randomness of load consumption.
Finally, new error metrics for forecast model selection should be
developed, which improve translation of forecasting accuracy to
financial gains and thus might increase efficiency and benefits of
hyperparameter selection.
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