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Abstract
Aleksei Mashlakov
Flexibility aggregation of local energy systems—interconnecting, forecasting, and
scheduling
Lappeenranta 2021
154 pages
Acta Universitatis Lappeenrantaensis 997
Diss. Lappeenranta–Lahti University of Technology LUT
ISBN 978-952-335-748-8, ISBN 978-952-335-749-5 (PDF), ISSN-L 1456-4491, ISSN
1456-4491

The socio-technical transformation of the energy sector in pursuit of its decarbonization
and innovations in digital and energy technologies are shifting the present electric power
systems with a centralized governance to a more decentralized structure consisting of lo-
cal energy systems with self-motivated energy governance. In this context, establishing a
co-organized operation management between the existing central system governance and
emerging decentralized systems for a common value, which is the efficient and reliable
operation of a low-carbon power system at the lowest costs, is a challenging problem.
This doctoral dissertation addresses the problem with a flexibility aggregation solution
that integrates the operational flexibility of local energy systems into centralized power
system management through the market-based provision of flexibility services for system
operators of distribution and transmission grids.

First, the methodology of model-driven architecture development is adopted to design a
smart grid architecture enabling technological interoperability of a flexibility management
environment. The study describes the interoperability profile of local energy manage-
ment platforms consisting of functional, information, and communication requirements
empowering them to provide grid-related flexibility services. The results show that the
technical interoperability among the platforms can be achieved with message-oriented
middleware following the Web design principles. Then, backtesting methodology is ap-
plied to quantitatively evaluate the predictive uncertainty of the data-driven models in the
probabilistic energy forecasting of data generating processes assisting in the decision-
making of flexibility management. Several practical criteria are recommended to lever-
age the performance of these models using quality-driven loss functions, multidistribution
testing, and a cross-learning technique. Finally, mathematical modeling is employed to
formulate the decentralized cooperative flexibility scheduling of a local energy system. It
is shown quantitatively that the value of prosumer flexibility can be effectively distributed
among the prosumer’s individual techno-socio-economic motivations, the reliability of
the shared power grid, and the provision of system-level services but impaired by the
forecast uncertainty of the flexibility management parameters.

Keywords: battery energy storage systems, flexibility platform interoperability, grid-
flexibility services, multiobjective flexibility scheduling, probabilistic energy forecasting





Preface

Half the game of getting ahead is getting started.

— UNKNOWN

This doctoral dissertation was prepared at LUT School of Energy Systems of Lappeen-
ranta – Lahti University of Technology LUT, Finland, in partial fulfillment of the require-
ments for acquiring the degree of Doctor of Science (Technology).

This dissertation summarizes the scientific work carried out by the author during his
doctoral studies, which started on the 15th September 2017 and was completed on the
16th September 2021. The doctoral studies were supported by internal LUT funding and
several research projects: the “HEILA – Integrated business platform of distributed en-
ergy resources" project funded by Business Finland, funding decision No. 1712/31/2017;
the LUT research platform “DIGI-USER – Smart Services for Digitalisation"; and the
“DOMINOES – Smart Distribution Grid: a Market Driven Approach for the Next Gen-
eration of Advanced Operation Models and Services" project funded by the European
Commission Horizon 2020 programme, grant agreement No. 771066.

The dissertation represents a self-contained summary of five attached scientific articles,
which have been peer-reviewed and published. While the research details are left to the
specific publications at the end of the dissertation, the main body of the dissertation is
conceived as a guide on how these scientific papers can be contextualized in the bigger
picture of flexibility aggregation of local energy systems.
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Nomenclature

Latin alphabet

F cumulative distribution function –
H0 null hypothesis –
HA alternative hypothesis –
P bat nominal battery storage power kW

Ê↓,fcr
t predicted downward battery energy activation at time t kWh

Ê↑,fcr
t predicted upward battery energy activation at time t kWh

Î
(τ)
i,t prediction coverage indicator of time series i at level τ –

L̂
(τ)
i,t lower prediction bound of time series i at time t and level τ –

Û
(τ)
i,t upper prediction bound of time series i at time t and level τ –
Ŷ set of time series predictions –
ŷi vector of predictions of time series i –
ŷ

(τ)
i,t predicted value of time series i at time t and quantile level τ –
ŷi,t predicted value of time series i at time t –
a vector of attention heads –
f loc vector of local objective functions –
o set of net load schedule combinations –
pagg vector of aggregated net load power schedule kW

pbat
q,a vector of battery power schedule of agent a at index q kW

pfcr
a vector of battery frequency control power of agent a kW

pnl
q,a vector of net load power schedule of agent a at index q kW

rfcr
q,a vector of normalized reserve of agent a at index q –

sa vector of selected schedule of agent a –
x vector of input time series features –
yi vector of targets of time series i –
A index set of scheduling agents –
D index set of daily time intervals –
Fa set of feasible flexibility states of agent a –
I index set of time series –
J index set of local objective functions –
L(τ)
i,t quantile loss function of time series i at time t and level τ –
N agg aggregated net load profile –
N nl

a net load profile of agent a –
N multivariate Gaussian distribution
O combinations of sets –
Pa set of net load schedules of agent a –
SAi,t score (loss) function of forecast A of time series i at time t –
SBi,t score (loss) function of forecast B of time series i at time t –
T index set of time steps –
Ubat
t,a power unavailability of battery storage of agent a at time t kW
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Xa set of decision variables of agent a –
Y set of time series targets –
sd value of decoder hidden states at cell d –
ebat
t,a energy of battery storage of agent a at time t kWh

fdec decoder function –
f enc encoder function –
f glob global objective function –
fω fitted forecasting model –
fj local objective function j –
f env
a environmental objective function of agent a –
ffin
a financial objective function of agent a –
f suf
a self-sufficiency objective function of agent a –
pch
t,a charging power of battery storage of agent a at time t kW

pdc
t,a discharging power of battery of agent a at time t kW

pbat
t,a scheduled power of battery storage of agent a at time t kW

pfcr
t,a frequency control power of battery of agent a at time t kW

pnl
t,a net load power of agent a at time t kW

pagg
t aggregated net load power of all agents at time t kW

rfcr
t,a normalized reserve of battery of agent a at time t –
wj normalized weight coefficient of objective j –
yi,t value of time series i at time t –
zmax
j maximum value of objective space j –
zmin
j minimum value of objective space j –
c nominal coverage rate of prediction interval –
ht value of encoder hidden states at cell t –
xt value of input time series at time t –

Greek alphabet

∆t length of time interval h

∆A,B vector of loss difference between forecasts A and B –
Λ unfairness in coordination –
Θ set of mixture parameters –
α confidence level –
φ vector of attention weights –
τ vector of quantile levels –
ε vector of forecast residuals –
χ2 chi-squared distribution –
δA,Bi,t loss difference of forecasts A and B of time series i at time t –
ηch charging efficiency of battery storage %

ηdc discharging efficiency of battery storage %

γ mixing coefficient –
Σ̂ predicted covariance matrix –
µ̂ vector of predicted mean values –
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ξ̂co2
t predicted carbon intensity factor at time t gCO2/kWh

λ cooperation parameter –
ν forecast coverage score –
πtou
t price of time-of-use tariff at time t £/kWh

πbat cost of battery operation due to degradation £/kWh

πfcr remuneration of frequency control service £/kW/h

πfit remuneration of feed-in tariff £/kWh

ψ penalty coefficient –
ρlu probability for pairs of consecutive (non)violations –
ρ empirical coverage rate –
σ2 variance –
τ quantile level –
υj relative importance of objective function j –
εt value of forecast residuals at time t –
% dropout probability –
ϑj normalization factor of objective function j –
Ψ index set of quantile levels –
Ξa uncertainty set of agent a –
φa value of attention weight at attention head a –

Dimensionless numbers

nlu number of observations where l is followed by u
na number of attention heads
nc number of decoder cells
ni number of time series in dataset
nj number of objective functions
nm number of mixtures
nq number of quantiles
nr number of random samples
ns number of scheduling agents
nt number of time steps in time series
nz number of dropout iterations
nd number of time steps in daily time interval
n0 number of observations out of prediction region
n1 number of observations within prediction region

Superscripts

↓ downward balancing
agg aggregated
bat battery storage
cc conditional coverage
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ch battery charge
co2 carbon dioxide
dc battery discharge
dec decoder
enc encoder
env environmental
fcr frequency containment reserve
fin financial
glob global objective
ind independence hypothesis
loc local objective
nl net load
suf self-sufficiency
tou time-of-use tariff
uc unconditional coverage
max maximum
min minimum
↑ upward balancing

Subscripts

a scheduling agent index
d decoder cell index
a attention head index
b look back horizon
d dropout sample index
i time series index
j objective function index
k forecast horizon index
l observation index
m mixture index
o time offset
q quantile index
t0 starting time step index
t time step index
u observation index

Notation

[·]? scheduled or optimal variable value
[·]+ ≡ max[·, 0], the element-wise ramp-up function
[·]− ≡ min[·, 0], the element-wise ramp-down function
[̂·] predicted vector or value
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|·| absolute value of variable
E mathematical expectation
P probability
µ(·) mean function
· upper limit value of variable
σ(·) standard deviation function
· lower limit value of variable
·̂ average value of dataset

Acronyms

ACE average coverage error
API application programming interface
BESS battery energy storage system
CC conditional coverage
CI carbon intensity
CM congestion management
CWC coverage width-based criterion
DCC dynamic conditional-correlation
DeepAR autoregressive recurrent network
DeepTCN deep temporal convolutional network
DER distributed energy resource
DL deep learning
DM Diebold–Mariano
DSANet dual self-attention network
DSO distribution system operator
EFR enhanced frequency response
EL electricity
EMS energy management system
EV electric vehicle
FCR frequency containment reserve
FCR-N frequency containment reserve for normal operation
FFNN convolutional neural network
FFNN feed-forward neural network
FRR frequency restoration reserve
GARCH generalized autoregressive conditional heteroscedasticity
GMM Gaussian mixture model
GPU graphics processing unit
HPO hyper-parameter optimization
HTTP hypertext transfer protocol
HVAC heating ventilation and air conditioning
I-EPOS iterative economic planning and optimized selections
ICT information and communication technology
IoT internet of things



20 Nomenclature

LES local energy system
LQR linear quantile regression
LR likelihood ratio
LSTM long short-term memory
LSTNet long- and short-term time series network
MARNN multiattention recurrent neural network
MCD Monte Carlo dropout
MDN mixture density networks
MGMS microgrid management system
MILP mixed-integer linear programming
MLE maximum likelihood estimation
MO microgrid operator
MOO multiobjective optimization
MQR multiquantile regression
MQTT message queuing telemetry transport
ND normalized deviation
NRMSE normalized root mean square error
OPS open power system
P2P peer-to-peer
PCC point of common coupling
PFC primary frequency control
PI prediction interval
PICP prediction interval coverage probability
PINAW prediction interval normalized average width
PINC prediction interval nominal coverage
PNL prosumer net load
PV photovoltaic
QGB quantile gradient boosting
QRF quantile regression forests
QRNN quantile regression neural network
RNN recurrent neural network
SGAM smart grid architecture model
TSO transmission system operator
UC unconditional coverage
URI unified resource identifier
VPP virtual power plant
WoT web of things
wQL weighted quantile loss
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1 Introduction

Chaos was the law of nature; Order was the dream of man.

— HENRY ADAMS

The objective of this chapter is to provide the general context and motivation for this
doctoral dissertation, describe the addressed issues, and briefly outline the contributions.

1.1 Context and motivation

The electric power system has been the backbone of economic and technological progress
for many decades, thereby predetermining the long-term national objectives. Until re-
cent years, the development of the power system focused primarily on reliable and cost-
efficient energy supply to the consumers that were viewed by the electric utilities solely as
end-users having no rule or influence over the system (Burke and Stephens, 2017). Nowa-
days, however, many developed countries are also pursuing environmental value through
decarbonization and social value through democratization (Nolden, 2019). This evolu-
tionary process that merges the technological energy transformation with strengthening
of democracy and public engagement is known as Energy Transition (Fridell, 2017).

The decarbonization is motivated by the possible disastrous consequences of global warm-
ing for the environment (Mitchell, 1989; Collins et al., 2013), human mortality (Mitchell
et al., 2016), and economics (Diaz and Moore, 2017). Many countries have acknowledged
the anthropogenic reasons of climate change caused by global greenhouse gas emissions
and signed a document, widely known as the Paris Agreement, to hold the rise in the
global average temperature at well below 2◦C above preindustrial levels and preferably
limit the temperature increase to 1.5◦C (UNFCCC, 2015). The sustainable mechanisms
to reduce the emissions include, among other things, a transformation of the energy sec-
tor from fossil-based to low-carbon generation based on wind, solar, hydro, and biomass
energy along with energy storage, cross-border grid interconnections, and energy sector
electrification (Child et al., 2019).

The democratization of the energy sector aims to enable active participation of civil
society in energy governance with social, economic, and environmental benefits for a
common good (Campos and Marín-González, 2020). This emergent social movement is
driven by prosumers, who are active energy citizens capable of locally producing and self-
consuming renewable energy and actively modulating their demand (Brown et al., 2020).
A variety of factors motivate individuals to become prosumers, including, e.g., financial,
environmental, and security of supply values (Balcombe et al., 2014). The prosumers
emerge through material participation in innovative energy technologies (Ryghaug et al.,
2018), i.e., by acquiring and installing small-scale distributed energy resources (DERs)
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with a multidomain nature. These resources include renewable generation technologies,
such as solar photovoltaic (PV) panels; home appliances, including electric water heaters
as well as heating ventilation and air conditioning (HVAC) systems; thermal energy stor-
age systems, such as heat pumps; as well as stationary and mobile electric energy stor-
ages, including battery energy storage systems (BESSs) and electric vehicles (EVs) cou-
pled with the corresponding charging stations. The control capabilities of these resources
combined with novel information and communication technologies (ICTs) based on In-
ternet of Things (IoT) enable to decentralize and digitalize the decision-making about
energy production, consumption, and storage at the grid edge.

In the context of energy democracy, greater control over energy decisions allows to shift
from the present centralized governing systems to more local- or regional-based systems
and decentralized technologies and management structures with own value logic (Burke
and Stephens, 2017; Brown et al., 2020). Indeed, the higher energy self-sufficiency in
terms of physical infrastructure and opportunities for self-motivated digital governance
by prosumers has led to a rise of local energy systems (LESs):

Definition 1.1 (Local energy system)
Local energy system is a micro model of a conventional energy system containing
(renewable) energy sources, storage, and loads with a varying degree of energy bal-
ance between production and consumption.

The piloting LES projects are categorized by Desmyter (2021) into various typologies
with social and technical dimensions. In terms of technical dimensions or physical bound-
aries, LESs include, in the order from energy balanced to imbalanced, grid-connected mi-
crogrids with islanding capabilities, bounded local grids with a single connection point,
unbounded (virtual) energy systems, and distributed renewable generation assets owned
by a community. The business models of such typologies vary among energy cooper-
atives (or community renewables), peer-to-peer trading, collective and individual self-
consumption, and a local energy market (Reis et al., 2021).

From the business perspective, the emerging LES follow several governance models
(Brown et al., 2020) that predetermine the future energy transition pathway. The gov-
ernance types include market governance with technology-based propositions of new
products, services, and business models within the existing energy market structures; mu-
nicipal governance with locally governed and publicly owned energy service provision;
and community governance with locally contingent value definition by limited groups of
active stakeholders emphasized on self-sufficiency, off-grid living, and energy autarky
(Müller et al., 2011). The findings of Brown et al. (2020) suggest that the market-led
paradigm is more likely to become the dominant one primarily because municipal gover-
nance requires realization of major structural and institutional changes, while the energy
localism of the community model seems an unrealistic scenario on a large scale (Parag
and Sovacool, 2016) and hinders the efficiency of the wider energy system (OVO, 2018).
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From the technical perspective, LESs are vital sources of demand-side operational flexi-
bility, i.e., reserve capacity necessary to ensure the reliability of the power grid (Makarov
et al., 2009; Bucher et al., 2015). The need for flexibility in a low-carbon, decentralized
grids comes from a greater reliance on intermittent renewable generation and proliferation
of DERs that drastically increase the stochasticity in grid operations causing variability of
net load (Olauson et al., 2016), voltage problems (Mashlakov, 2017), and network conges-
tions (Veldman et al., 2013). In their turn, LESs contain prosumer demand-side flexibility
that is based on the capabilities of DERs (Eid et al., 2016):

Definition 1.2 (DER flexibility)
DER flexibility is the capability of the energy resource to realize alternative opera-
tion modes by modulating their feed-in or feed-out active or reactive power in scale
and/or time.

This operational flexibility can be used for individual/local and/or system-wide value
when providing essential grid services (Lehmann et al., 2019) and reacting to direct (i.e.,
volumetric) or indirect (e.g., price) external signals (SEDC, 2016). In this scenario, LESs
distributed over the grid provide the mechanisms for control and optimization of their op-
erational flexibility to accommodate the uncertainty and stochasticity of both production
and consumption in a cost-efficient and secure way (OVO, 2018) with socio-economic
(Campos and Marín-González, 2020; Harder et al., 2020) benefits.

Following the market-led pathway for the energy transition, the outdated framework of
energy market governance should be reconsidered from solely large-scale and supply-
focused markets to flexibility-rewarding decentralized governance with implications of
active prosumers’ DERs participation and system operator needs (Nolden, 2019). In par-
ticular, this model should enable market integration of LES management strategies into
the control loop of power system operation (Cruz et al., 2018; Mohandes et al., 2019) to
fulfill the additional needs in operational flexibility and provide the prosumers and LESs
opportunities to partially inherit the functionality of the system operators using the exist-
ing (or newly emerging) markets.

Projecting in the future the idea of decentralized governance enabled by digital innova-
tions to the whole power system leads to a vision of a cellular power grid architecture.
This grid architecture has a structure similar to the Internet with its hierarchy of subnet-
works and employs similar responsibility sharing principles empowered in the distributed
control of the Internet (Kouveliotis-Lysikatos et al., 2020). In this vision, the control and
communications of the power grid are organized in layered hierarchical blocks of energy
cells that autonomously manage their internal energy balance and exchange energy, ser-
vices, and information with the adjacent cells (Lehmann et al., 2019; Cabiati et al., 2018;
Kroposki et al., 2020). In this architecture, LESs are core elements, and the flexibility
concentrated in the LESs can be considered a commodity or a service for another entity
and categorized in terms of service level (as system, network, and market), requirements
(power ramp, energy, and long-term capacity), grid location (transmission or distribution
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Figure 1.1: Conceptual representation of flexibility aggregation in cellular-structured power grid.

grid), and purpose (balancing, flexibility) (Villar et al., 2018; Eid et al., 2016). In this
case, the prosumers are seen as decentralized flexibility service providers that can trade
and share their flexibility according to their individual preferences.

However, a transition from present top-down organization of power system management
with full control of a minority (i.e., large electric utilities and system operators) over the
system governance to bottom-up prosumer-driven organization is challenging because the
integration of grid edge resources intensifies the complexity and open vulnerabilities of
the self-restraint and security-concerned power system (Lotfi et al., 2020). Therefore, the
main problem toward a new power system architecture is how to establish the secure and
trustworthy multilevel market and operation co-organization between the central gover-
nance and decentralized hierarchical infrastructures, such as LESs, for a common value,
which is the reliable operation of a modular low-carbon system at the lowest costs. One
of the solutions to enable the co-organization is found in flexibility aggregation:

Definition 1.3 (Flexibility aggregation)
Flexibility aggregation is platform-based [co-organization of] management and co-
ordination of operational flexibility of a cluster of energy resources for the provision
of flexibility services.

The aggregation provides the necessary technology basis and interlayer interfaces be-
tween the prosumers on the grid edge and the flexibility market and/or system operator
layers (see Figure 1.1). This solution relies on digital innovations in the energy sector,
such as various information technology platforms1 of market actors and system operators
as well as advances in machine-to-machine communication based on IoT technologies
and computational methods to orchestrate the large-scale complex system of intercon-

1Here and in what follows, a platform is considered here as a software system providing the functionality
needed for communication, computing, and control for a set of power system applications.
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nected software systems. It includes the following core processes: (i) forecasting the
available resource flexibility; (ii) optimizing its use for prosumer self-balancing or flexi-
bility markets/services; (iii) and communicating the flexibility needs and offers between
the platforms. The co-organization is achieved by coordinating the operation of numer-
ous platforms via an automatic negotiation process so that the distributed flexibility is
aggregated into an intelligently controlled coalition having a positive influence on the
system efficiency. In this study, the major focus of the aggregation is to connect the
self-organizing LESs containing the operational flexibility of their DERs to flexibility
services of system operators without compromising the prosumers’ needs, comfort, and
convenience, thereby achieving system-wide benefits and social welfare.

The aggregation platforms link the prosumer DER flexibility with the power system man-
agement via information technologies, creating an environment of technically and eco-
nomically interconnected cyber-physical systems. Allowing decentralized intelligence
to operate in favor of prosumer and system objectives helps contribute to a more de-
carbonized and flexible power system. Importantly to system operators, the flexibility
aggregation hides the complexity of the underlying cyber-physical infrastructure and en-
hances the visibility and control of DERs (Pudjianto et al., 2007). Furthermore, realizing
the flexibility aggregation unlocks many opportunities for digital energy democracy by
giving digital means to citizens to enter the decision-making of energy market gover-
nance on a level playing field with established market actors. The provision of grid ser-
vices with aggregated prosumer flexibility can enable more fine-grained frequency con-
trol (Kilkki et al., 2018) and network congestion management (Veldman et al., 2013) than
conventional measures, such as building and maintenance of centralized fossil-fuel-based
power plants (OVO, 2018), and grid updates and reinforcement (Klyapovskiy et al., 2019),
thereby reducing the capacity-based costs of the network infrastructure. For instance,
low-carbon scenarios for the United Kingdom energy system demonstrate that residential
battery storages can save up to £2.9 bn of annual operating expenses by replacing costly
generating capacities with renewables (OVO, 2018), while on the European scale the pro-
sumers with solar battery systems may reduce the need for peak interconnection capacity
by up to 6% (Child et al., 2019).

1.2 Aim and research questions

The flexibility aggregation is a multidisciplinary research problem and poses diverse tech-
nical, operational, social, and economic challenges (Parag and Sovacool, 2016). This
doctoral dissertation addresses the following major technical and operational shortcom-
ings of the flexibility aggregation problem that exist so far, namely: (i) an absence of
technological interoperability between the platforms involved in the flexibility aggrega-
tion environment; (ii) quantification of the inherent uncertainty of energy forecasts in the
flexibility management; and (iii) formulation of a flexibility optimization problem under
heterogeneous prosumer interests in the flexibility usage. These challenges call for more
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thorough research on the design and operation of such solutions.

The main aim of this dissertation is to contribute to the development of flexibility aggre-
gation platforms enabling accessible and scalable participation of prosumers’ DERs in the
provision of grid-related flexibility services while:

i. ensuring the optimal fulfillment of the objectives of actors being engaged in such
co-organization;

ii. maximizing the cost efficiency and reliability of the power grid as their shared
medium infrastructure;

iii. taking into account energy forecast uncertainty and enabling interoperability of in-
teractions.

To achieve these goals, the following research questions (RQs) are specified:

RQ1 What are the requirements to enable interoperable technological integration of lo-
cal energy management platforms into the provision of grid-flexibility services?

This starting research question aims to explore and comprehensively define the innova-
tive use cases enabling integration of the LES management into the provision of flexibility
services. In particular, this question inquires about potential actors, their objectives, func-
tionalities, and the negotiation mechanism in the flexibility aggregation procedure. Fur-
ther, this question concerns the ICT basis of the aggregation enabling to connect diverse
automation management systems of the flexibility market environment. A special focus
is on the functional, information, and communication requirements for the local energy
management platforms. As a result, this research question leads to the development of
a decentralized smart grid architecture for the market-based technological integration of
local energy management platforms into the provision of grid-related flexibility services.

RQ2 What are the effective criteria in data-driven characterization of the energy fore-
casting uncertainties arising from the data generating processes coupled with flex-
ibility management?

Once we have generalized the design of local energy management platforms, we focus on
their functionality aspects. We start by investigating the deep-learning-based methods of
predictive uncertainty modeling and validate their viability by assessing their predictive
capability in a number of application domains. In particular, the quantitative evaluations
of the model performance are collected for traditional energy application domains, such
as market price, load consumption, and renewable wind and solar generation, as well as
novel domains, such as prosumer net load, energy and power reserve activation parameters
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of battery energy storage, and carbon intensity. The empirical evaluations serve as the
grounds to answer this research question by providing recommendations for the effective
procedures in the data-driven modeling of energy forecast uncertainties.

RQ3 What are the critical factors of the prosumer operational flexibility allocation ful-
filling the system-wide multiobjective trade-offs for the preferred flexibility usage?

We continue by investigating the problem of prosumer flexibility scheduling given their
motivations, technical capabilities of their resources, and energy forecasts. The focus is
especially on understanding how independent decisions in socio-technical systems can
affect the utilization of the shared power grid infrastructure. Furthermore, we evaluate the
effect of several forecast uncertainties of the flexibility management from the previous
question on the realization of the planned schedules of the flexible resource and prosumer
household. Answering this research question results in methodological recommendations
for the formulation of prosumer flexibility scheduling in local energy systems.

1.3 Research scope, methods and tools

This study of flexibility aggregation fosters a multidisciplinary approach and addresses
the research questions in Section 1.2 by developing tools and applying concepts from the
fields of energy informatics, energy forecasting, and operations research, see Figure 1.2.
To limit the scope of this dissertation, the focus is narrowed down on the following three
aspects of flexibility aggregation in electric power systems:

i. Middleware solutions enabling interoperable information exchange between the
management platforms of flexibility market environment;

ii. Short-term energy forecasting with a special attention to the application of prob-
abilistic deep learning methods;

iii. Mathematical optimization of flexibility allocation under heterogeneous prosumer
objectives for its usage.

From the viewpoint of electric power systems, the context of this work is on the smart grid
development within the European techno-institutional organization. Importantly, the at-
tention is on the short-term operation planning spanning up to the day-ahead time horizon
prior to the actual physical delivery of grid services in the context of the European electric-
ity market. Furthermore, a market-based procurement of grid services is assumed in this
work with a special attention to ancillary services, such as the existing grid frequency
control and anticipated network congestion management in distribution grids. Finally,
considering flexibility aggregation of LESs, the focus is mostly on the optimal allocation
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Figure 1.2: Research fields in the scope of the study of flexibility aggregation.

of residential flexibility concentrated in the prosumers’ DERs among the benefits of the
prosumer households, the reliability and efficiency of the LESs, and the provision of grid
services at the distribution and transmission level.

As to DERs, the focus of the dissertation is on stationary residential BESSs, while the
other energy storage resources, such as mobile storage of EVs and thermal storage of
heat pumps, are viewed as outside the scope. The reason for this is that (i) the evidence
demonstrates a strong growth of solar battery systems (EuPD, 2020); (ii) battery systems
have a wide spectrum of electricity market applications owing to their unique charac-
teristics (Engels, 2020), including self-consumption, peak shaving, and (fast) frequency
control services, or optimal combination of those (Engels et al., 2020); (iii) the flexibil-
ity availability of battery systems is less dependent on external factors, such as weather
conditions and hot water demand for resources based on thermal energy storage as well
as the plugged-in state of EVs (Harder et al., 2020); (iv) battery systems cause no direct
personal discomfort for the prosumers unlike heat pumps or EVs in terms of limited heat-
ing and warm water or driving range (Kubli et al., 2018); (v) the owners of solar battery
systems are the ones of the most inclined toward the role of flexibility providers (Kubli
et al., 2018); (vi) the costs of solar battery storage are expected to decrease in the near fu-
ture (Schmidt et al., 2019); and (viii) the modeling results of the future low-carbon energy
system indicate a strong use of batteries by solar PV prosumers (Child et al., 2019).

The topics studied in this work require a broad range of methodologies and tools, which
are listed below:

i. Smart grid architecture

The smart grid architecture for the integration of heterogeneous platforms in the flexibil-
ity management is defined by using the methodology of model-driven architecture devel-
opment (Dänekas et al., 2014). The formalization of the architecture is established by
employing the SGAM Toolbox (Neureiter, 2013) in Enterprise Architect (Sparks, 2009).
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ii. Forecasting performance evaluation

The quantitative performance evaluations of the forecasting models are based on the back-
testing methodology with the out-of-sample method (Cerqueira et al., 2020). The fore-
casting models rely on a variety of deep learning frameworks and libraries, including
PyTorch (Paszke et al., 2019), Keras (Gulli and Pal, 2017), TensorFlow (Abadi et al.,
2016), and GluonTS (Alexandrov et al., 2020). The hyperparameter optimization of the
models is performed with the Hyperopt (Bergstra et al., 2013) and Hyperas (Pumperla,
2017) libraries.

iii. Flexibility scheduling

The methodology of this research relies on the mathematical modeling and simulation
of LESs. Prosumer flexibility modeling is implemented by using multiobjective linear
programming, where the problem is formulated with a CVXR package (Fu et al., 2020) in
the R language (R Core Team, 2017). Coordination of the prosumer household schedules
within the LES is conducted by using the decentralized collective learning algorithm I-
EPOS (Pournaras et al., 2018). Finally, the model simulation is developed in the Python
language (Van Rossum and Drake Jr, 1995).

1.4 Scientific contributions

The operational strategies and methods of flexibility aggregation developed in this work
are aimed at maximizing the social welfare by enhancing the cost efficiency and reliabil-
ity of the electric power systems with activation of demand-side flexibility. Overall, the
contributions of the dissertation can be categorized as conceptual, empirical, and method-
ological. An overview of the contributions to the flexibility aggregation problem is illus-
trated in Figure 1.3, and they are further elaborated as follows:

i. Design of a decentralized smart grid architecture of the market-based flexibility
aggregation of local energy systems based on the Web architectural principles en-
abling technological interoperability between the management platforms of a flexi-
bility market environment (Publications I–II):

This contribution improves the conceptual knowledge of flexibility aggregation by iden-
tifying the relevant actor objectives for providing and acquiring flexibility services and
defining the functional structure of the flexibility management as well as the principles
and content of information exchange interactions between the management platforms of
the corresponding flexibility market actors. Furthermore, the results deliver the neces-
sary informational, communication, and functional requirements adapting local energy
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management platforms for the provision of grid-flexibility services. Another contribution
is a conceptualization of a design of flexibility registry for automated access to flexible
resource information. Overall, the conceptualization of flexibility aggregation relies on
autonomous machine-to-machine communications based on the Web architectural princi-
ples. Importantly, these contributions establish the foundation for the further work of this
doctoral dissertation.

ii. Quantitative results of deep learning model performance in the probabilistic energy
forecasting of data generating processes assisting in the decision-making of flexi-
bility management (Publications III–V):

This contribution advances the knowledge of short-term probabilistic energy forecasting
by performing a comprehensive quantitative evaluation of deep learning models in various
application domains. The results allow to compare the efficiency of several uncertainty
modeling methods applied to deep learning models that enable estimation of data and/or
model uncertainty in their forecasts. Furthermore, the results demonstrate the effect of
diverse probability distributions on the predictive capability of deep learning models. Be-
sides the predictive capability, run-time efficiency and sensitivity to dataset transforma-
tions are assessed in the evaluation experiments. Overall, the quantitative results provide
an empirical reference for the predictive accuracy and uncertainty, applicability, and scal-
ability of uncertainty-aware deep learning models.

iii. Formulation and quantitative results of the decentralized cooperative flexibility sche-
duling of a local energy system under individual socio-techno-economic trade-offs
of prosumer flexibility allocation, forecast uncertainty of flexibility management
parameters, and collective motivations for the reliability of the shared power grid
(Publication V):

This contribution enhances the methodological and empirical knowledge in the prosumer
flexibility scheduling problem. As a methodological contribution, a system of mixed
methods is formulated by using decentralized combinatorial optimization and multiob-
jective linear optimization. In particular, this formulation enables a novel household-level
scheduling framework for a local energy system that effectively models the trade-offs
between prosumers’ heterogeneous goals and coordinates net load schedules across mul-
tiple households in a decentralized and cooperative manner ensuring the reliability of the
shared power grid. The empirical contributions are based on the quantitative experiments
applied to this framework. The results show the socio-technical impact and optimality
of varying prosumer cooperation in the coordination process of flexibility scheduling, as
well as the effect of forecast uncertainty factors on the realization of prosumer schedule
imbalances and risks of resource unavailability for the provision of a frequency control
service.
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1.5 Outline of the dissertation

This article-based doctoral dissertation is structured as a report introducing the main con-
cepts that are at the core of this study, providing the necessary background information,
and summarizing the overall contributions of the publications developed throughout this
doctoral study. Therefore, the structure of this dissertation is as follows:

Chapter 1 presents the background of the research, introduces the research topic of flex-
ibility aggregation, addresses its importance and objectives, and summarizes
the research contributions in brief.

Chapter 2 provides the theoretical and regulatory context regarding the research of flex-
ibility aggregation at demand side for the grid services.

Chapter 3 targets the problem of technical interoperability between the management
platforms of flexibility aggregation.

Chapter 4 explores the uncertainty quantification in deep-learning-based energy fore-
casting assisting in decision-making of flexibility aggregation.

Chapter 5 focuses on the prosumer flexibility scheduling in local energy systems pro-
moting flexibility aggregation.

Chapter 6 concludes the dissertation by answering the research questions, drawing the
research contributions together, and providing the recommendations for the
avenues of future research.
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2 Theoretical and regulatory foundation

The only way to control chaos and complexity is to give up some of that control.

— GYAN NAGPAL

This chapter dives into the theoretical and regulatory details on the demand-side flexibility
aggregation research that are important to facilitate the understanding and proceed with
the current dissertation.

2.1 Reliable operation of electric power systems

The ultimate goal of operating an electric power system is to supply electricity to the cus-
tomers while ensuring service continuity and power quality at the lowest costs. For a long
period, power grids have been commissioned to provide monodirectional supply of elec-
tricity from large-scale centralized power plants in one end to geographically distributed
consumer loads in the other end by using transmission and distribution grids in between.
The Electricity Market Directive 2019/944 of the European Parliament on common rules
for the internal market for electricity states the roles of the transmission system operator
(TSO) and the distribution system operator (DSO) in ensuring both short- and long-term
operational security of an electric power system by operating, maintaining, and develop-
ing secure, reliable, and efficient transmission and distribution systems in an economically
sensible manner.

One fundamental condition for the stability and reliability of the electric power system
operation is a balance between supply and demand at each moment of time. To fulfill
this condition, a sequential set of markets is established, ranging from long-term financial
markets to short-term day-ahead, intraday, and balancing markets, followed by an imbal-
ance settlement procedure. While the day-ahead market sets up the initial power balance
of market parties in advance and the intraday market enables trading position adjustment
later on, the balancing markets deal with network stability uncertainties (e.g., unplanned
plant and line outages or demand and production forecast errors) and power supply inac-
curacies (i.e., the difference of discrete market schedules in comparison with continuous
physical delivery) affecting the physical balance between supply and demand closer to
real time (Motte-Cortés and Eising, 2019). A real-time power imbalance and the dynamic
characteristics of the system provoke a grid frequency deviation from its nominal value
(50 Hz in Europe), which significant value can result in a large-scale failure of the power
grid, often referred to as a blackout.

To ensure operational security of the power systems, Commission Regulation 2017/2195
on electricity balancing requires the TSO to procure energy and capacity balancing ser-
vices from the service providers in the balancing markets. The balancing energy service



34 2 Theoretical and regulatory foundation

provides TSOs with balancing energy to mitigate the expected energy mismatch in real
time, while the capacity service contracts a volume of capacity for a certain period for
TSOs to secure a sufficient amount of energy bids and deploy it in real time if necessary,
thereby providing balancing energy. The balancing services are categorized as frequency
stability ancillary services and activated with several operating reserve products that differ
in activation time frame2, method, and function. The corresponding products are referred
to by ENTSO-E (2013) as frequency containment reserve (FCR), automatic and manual
frequency restoration reserves (FRRs), and replacement reserve, respectively.

The FCR is the first reserve that is activated to guarantee the frequency stability of the
power system compensating for the offset between the supply and the demand. At each
time of frequency control, the power output of the FCR shall be proportional to the mag-
nitude of the grid frequency deviation to stabilize the frequency to a steady state value
within the whole synchronous area. For instance, when the grid frequency is below the
lower (above the upper) threshold, the reserve capacity should be activated as upward
(downward) balancing; i.e., increasing (decreasing) production or decreasing (increasing)
consumption. Although a single FCR market is typically operated in the European coun-
tries, the Northern European countries have a separate frequency containment reserve for
normal operation (FCR-N) and FCR for disturbances (Khodadadi et al., 2020). The FRR
aims to restore the grid frequency to the nominal value by adding extra energy volume
to the grid proportionally to the integral of the grid frequency deviation (Engels, 2020).
While the FCR is locally controlled given the frequency deviations, FRR is centrally dis-
patched given the system power imbalance, i.e., the error between the scheduled and the
measured power balance in the TSO control area. In particular, the set point value for
FRR activation is automatically determined by the feed-back control based on the present
error in the control area or manually dispatched by TSO in regards to an expected sys-
tem imbalance or occurred automatic FRR activation. The FRR providers receive from
the TSO a capacity payment for the procured balancing capacity and an energy payment
for the activation of the energy bids, while the FCR providers are only paid the capacity
price-based remuneration. Finally, the replacement reserve restores the FRR reserves to
prepare for an additional imbalance event. However, this type of the reserve product is not
strictly required by the system operation guideline and is often substituted by the extended
role of the manual FRR. In addition, the fast frequency reserve product has been recently
introduced in the Nordic areas to synthetically mitigate low-inertia effects (Khodadadi
et al., 2020).

Currently, the balancing market designs are widely diverse and fragmented among Eu-
ropean countries, having a variety of applied balancing strategies (Röben, 2018; Motte-
Cortés and Eising, 2019). Regulation 2017/2195 on electricity balancing aims to harmo-
nize the markets by establishing the common principles and introduces common platforms
for the exchange of balancing products. Overall, the harmonization aims to shorten the
bidding intervals, migrate to day-ahead markets for the reserve procurement, and enable
crossborder trading.

2The time frames match the primary, secondary, and tertiary frequency control levels.
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In traditional power systems, the capacity balancing services are often provided by large-
scale conventional synchronous units, such as hydropower plants, and thermal power
plants, such as coal- and natural gas-fired power plants. However, the Renewable En-
ergy Directive 2018/2001 (recast) promotes the use of energy from renewable sources for
the transition to a low-carbon system. As a result, the renewable generation units based
on intermittent wind and solar energy displace the fossil fuel power plants, thereby intro-
ducing significant variations on the generation side and forecast errors in contrast to the
conventional plants (Bessa et al., 2014). Furthermore, the balancing mechanism deteri-
orates because of a loss of rotating inertial of synchronous machines, which affects the
security of supply and requires TSOs to increase the system flexibility for steep ramping
of the net demand at a minimum cost. Potential sources of operating reserves improving
system flexibility can be found in demand-side response, flexible generation, cross-border
interconnections, and energy storages (Shakoor et al., 2017).

The growing amount of renewables and DERs also affects the power quality and reliabil-
ity of supply in the distribution grids with voltage (Mashlakov, 2017) and power conges-
tions (Belonogova et al., 2020) on the grid components. The former leads to overvoltages
and can be provoked by the enlarged generation from renewable sources in low voltage
grids, while the latter can be caused by the increased peak demand due to the simultane-
ously activated DERs. The conventional measure to these issues is to reinforce the grid
by increasing its transfer capacity but it often requires large capital expenditures. The Di-
rective 2019/944 in Articles 32 and 61 promotes the market-based procurement of DER
flexibility services, such as voltage control and congestion management (CM), to improve
efficiencies in the operation and development of the distribution system, if such services
cost-effectively avoid or defer costly network expansions in a given area. In that case, the
owners of DERs are regarded as providers of distributed generation, demand response,
or energy storage, while the management of flexible resources for voltage control, con-
gestion management, and supply restoration in distribution grids is referred to as active
network management. While these ancillary services are available to TSOs (Kaushal and
Van Hertem, 2019), it is not the case for DSOs because the majority of flexibility market
places are in piloting or research phase and the corresponding procurement practices are
not well established. In addition, the successful implementation of active network man-
agement necessitates from DSOs to upgrade the existing distribution network planning
practices with frameworks for effective cost-estimation of flexibility services and active
resources (Klyapovskiy et al., 2019).

2.2 Aggregation of demand-side flexibility

The concept of counting the demand-side customer as an active part of utility planning
and operation management has been under research and implementation for many de-
cades (Gellings, 1981). The main motivation for this inclusion for the electric utilities
back then and now remains to be the objectives of cost-efficient operation of the grid and
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reliable electricity supply, which are challenged by the stochastic and nonuniform de-
mand pattern with costly peak demand periods. In this context, a portfolio of utility and
customer activities on the demand side designed to alter the consumer electricity usage
to achieve the utility objective in a load-shape change (i.e., a modification of the utility
demand curve in time and magnitude) and fulfill customer needs in a use of electricity
is generally defined as demand-side management (Gellings, 1985). The categories of
demand-side management depend on the timing of the applied measures on the customer
process, ranging from permanent energy efficiency improvements to short-term demand
response and rapid spinning reserve programs (Palensky and Dietrich, 2011).

The latter two programs exploit demand-side flexibility, which is is defined as the ability
of a customer (or prosumer) to deviate from its normal net load profile (i.e., consumption
and production), in response to implicit price signals or explicit market incentives (SGTF,
2019). The implicit demand-side flexibility enables prosumers to benefit from variable
supply and/or grid tariffs through smart-meter-based load control, home automation sys-
tems, or manual in-home optimization (Paterakis et al., 2017). For instance, the meter
control functions provide possibilities for the time control of electric heating loads. The
energy management and home automation solutions are likely to play a more significant
role in demand response than the meter-based controls, but may also continue to exist
in parallel (FE, 2017). The reason is that the wide-spreading energy management plat-
forms have the opportunities for two-way communication with quick response times and
intelligent optimization of the energy usage at the demand site. The explicit demand-
side flexibility can be traded similar to generation flexibility in different energy markets
(e.g., wholesale or capacity market) and ancillary markets (e.g., grid support or balancing
markets) (USEF, 2018a). The challenges of this demand-side trading such as high trans-
action costs and high market entry requirements for small assets can be solved through an
aggregator.

The aggregator is a relatively new entity in the electricity market environment, which acts
as a market intermediary between the small-scale flexibility providers and the utility oper-
ators and markets. This role is typically performed by an independent service provider or
an electricity retailer that leverages the ICT infrastructure for the coordination of a large
number of DERs. The management target of an aggregator is to collect the individual
demand-side flexibility that is insufficient to be tradable in markets into a portfolio of
possible flexibility services, offer these services to the organized markets, guarantee the
correct implementation of the procured services, and fairly distribute the reward for the
service provision.

Aggregation and demand-side market participation is supported by the latest regulation in
the Electricity Market Directive (EU) 2019/944. In particular, the Directive acknowledges
the essential role of active customers in achieving the required system flexibility. There-
fore, the Directive requires to guarantee the opportunities for active customers to have
access to the electricity markets to trade self-generated electricity and provide flexibility
services through demand response and storage. Furthermore, the Directive encourages
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participation of demand response through aggregation in energy and ancillary markets in
a nondiscriminatory manner alongside producers.

Currently, a range of distributed flexibility products and markets are open to demand-side
resources across Europe (Armenteros et al., 2021). For instance, demand-side BESS is
an alternative to the supply-side spinning reserve that can fulfill the growing requirement
for a fast reserve to control grid frequency variations (Palensky and Dietrich, 2011). The
techno-economic feasibility of providing FCR and automatic FRR services by aggregated
prosumer households with battery systems is shown by Lopez et al. (2020). In future,
the demand for the reserve services is expected to grow in the conditions of a low carbon
system (Badesa et al., 2021). Furthermore, many European flexibility markets have been
proposed (Radecke et al., 2019; Schittekatte and Meeus, 2020) to enable participation of
DERs in CM for the benefits of the grid. Overall, there are strong prerequisites for the
increasing importance of flexibility aggregation as the mechanism enabling the transition
toward a low-carbon energy system.

In the following chapters, a closer look at flexibility aggregation research is taken from
the perspectives of its technical interoperability, energy forecast uncertainty, and optimal
flexibility scheduling.
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3 Interoperability of flexibility aggregation management

Those who do not move, do not notice their chains.

— ROSA LUXEMBURG

The coexistence of emerging active energy resources with the prevailing operational envi-
ronment of modern power systems is conditioned on a success of their digital integration
into grid management through large-scale automated participation in ancillary services
and energy markets. However, the realization of this digital innovation is challenged by
the heterogeneity of the actual devices with their own characteristics, controls, and tech-
nical interfaces as well as a lack of predefined procedures for automated procurement and
activation of flexibility services in the existing utility toolbox. Therefore, the emerging
and existing management systems of power system entities are not harmonized to interact
and operate together, thus leaving out the potential benefits of activating the flexibility
on the demand side. In the context of the dissertation, this chapter aims to answer the
research question RQ1:

RQ1 What are the requirements to enable interoperable technological integration of lo-
cal energy management platforms into the provision of grid-flexibility services?

Section 3.1 gives an introduction into the topic of system interoperability, provides a
literature review, and highlights research gaps. In section 3.2, the methodology of model-
driven architecture development and the related research methods are described. Section
3.3 presents the results of the architecture development for the use case of flexibility
service provision by a local energy system. Finally, section 3.4 concludes the chapter
with a discussion regarding the implication, generality, and policy perspectives of the
results. This chapter is based on the content and results of Publications I–II, which are
provided at the end of the dissertation.

3.1 Introduction

The efficient and secure operation of a smart grid as a complex system-of-systems increas-
ingly depends on the well-thought-out digital integration of the individual cyber-physical
systems in the overall management processes of the grid. In particular, the key determi-
nant of successful digital integration is to enable subsystem interaction at different domain
and logical levels, including connectivity among DER platforms and centralized manage-
ment systems of market actors and system operators. However, implementing such an
interaction in the case of DERs is a challenging task because it is not being set up from
scratch and thus requires a significant amount of engineering time to interconnect emerg-
ing and existing platforms in the SmartGrid–SmartCity–SmartHome ICT infrastructure
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with not-necessarily-aligned multi-industry and multivendor standards; i.e., the utility,
telecom, and home appliances/smart inverter industries (Daniele et al., 2019).

Furthermore, heterogeneous DERs have been out of “the traditional utility toolbox," and
no uniform standard that embeds the operating characteristics and capabilities of energy
storage systems, smart inverters, and other devices in this toolbox has gained wide accep-
tance yet. In addition, third-party access to metering and network data is often restricted
by the utility management practices yet needed to activate demand-side flexibility and
enable innovative solutions. To overcome the above-mentioned challenges and achieve
additional value streams for the utilities and DERs owners by engaging them in demand-
side flexibility programs, interoperability of smart grid flexibility management needs to
be developed.

3.1.1 Background

Device and platform interoperability remains the major challenge because of the hetero-
geneity of technologies (e.g., infrastructures, interfaces, and processing and sensoring
capabilities) and the corresponding standard protocols and data formats. The term inter-
operability varies depending on the standard development by organizations, but the main
idea in the context of this dissertation can be described based on the definition of the Elec-
tricity Market Directive (EU) 2019/944 (European Commission, 2019) as follows:

Definition 3.1 (Interoperability)
Interoperability is the ability of two or more systems or devices to interwork to ex-
change and use information in order to perform required functions.

The depth of the interoperability solution varies from point-to-point integration to plug-
and-play solutions, and it is evaluated as the time and expense of setting up the com-
munication across new devices and systems. The basic interoperability profile consists
of three layers that describe the communications and information requirements necessary
to achieve a specific functionality (Gopstein et al., 2020). The communication layer de-
scribes the communication technology (i.e., channels) and protocol (i.e., rules) for data
exchange; the information layer deals with data security, data format, and data model as
the basis for high-level rules of data exchange, common syntax, and semantic interpreta-
tion of data between the systems; and the functional layer specifies the physical functions
and related interactions that are necessary for its execution.

In the condition of a large number of standards in ICT architectures, middleware solutions
are proven to cope with the interoperability of a vast number of heterogeneous distributed
platforms. The main purpose of the middleware is to abstract the inevitable heterogeneity
and complexity of the hardware devices and their underlying technologies present in the
power grid to facilitate the integration and communication of these components. Based
on the quantity of services a middleware offers, it can be categorized into the levels of
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abstraction middleware, intermediation middleware, message-oriented middleware, and
middleware architecture (Rodríguez-Molina and Kammen, 2018). In the present study,
the focus is on the message-oriented middleware that enables machine-to-machine data
communication, i.e., autonomously without human involvement (Bui et al., 2019). Adopt-
ing a definition of Ancillotti et al. (2013), the idea of the message-oriented middleware
can be formulated as follows:

Definition 3.2 (Middleware)
Middleware is a software layer running above the communication network, which
enables information exchange between software applications on distributed plat-
forms through standard application programming interfaces.

The application programming interfaces (APIs) realize homogeneous formalization of the
data model semantics, the messaging syntax, the communication protocols, and the secu-
rity management. According to Basso (2014), the interface is defined as follows:

Definition 3.3 (Interface)
Interface is a logical interconnection from one entity to another that supports one or
more data flows implemented with one or more data links.

The data model semantics is enabled by ontologies that are intended for knowledge rep-
resentation, sharing, and reuse among software systems and humans to provide homoge-
neous meaning of exchanged data in the corresponding domains. The term ontology has
its origins in philosophy, where it refers to the subject of existence of beings in the world.
In information science, ontology is described by Gruber (1993) as:

Definition 3.4 (Ontology)
Ontology is a formal (machine-readable), explicit specification of a shared concep-
tualization, i.e., an abstract model of some phenomenon in the domain of discourse.

The ontology specification is typically given in terms of concept structure and relation-
ship between concepts, altogether forming a graph with the interrelated elements. Further-
more, these concepts are uniquely identified across multiple systems with unified resource
identifiers (URIs). To add linked identifiers to the raw data and enrich the data with their
meaning, the data should be semantically annotated, i.e., assigned with semantic data or
metadata (Handschuh, 2005):

Definition 3.5 (Semantic metadata)
Semantic metadata are machine-processable data that identify and describe an in-
formation object via references to concepts, formally described in an ontology.

As a result of semantic annotation, the data properties, types, units, and values are unam-
biguously identified with prefixes of URIs linked to the ontologies and related definition
of the data.



42 3 Interoperability of flexibility aggregation management

3.1.2 Literature review

For over a decade, the research into ICT-centered demand-side solutions has been focus-
ing on interoperability (Palensky and Dietrich, 2011). In smart grids, beyond minimiz-
ing system integration costs and time of the equipment designed to dissimilar standards,
the interoperability also creates value by enabling a large number of different systems
to exchange meaningful, actionable information in support of safe, secure, efficient, and
reliable operations of the grid (Gopstein et al., 2020). The value creation of the smart
grid as an interoperable system-of-system ranges among local, community, regional, and
global scales; e.g., this scope of benefits enables (i) expanded capabilities for the end-
user energy monitoring and management; (ii) local reliability improvements as a result
of opportunities for customer-based service provision to neighbors, aggregators, or the
distribution operator; (iii) improved situational and state awareness for utilities, system
operators, and regulators; and (iv) expanded access to modern energy services, economic
development, and environmental stewardship.

Digital innovation and interoperability frameworks

The interoperability issue is escalating because the energy industry is converging into a
digital (IoT-based) energy ecosystem described by Kotilainen et al. (2016). On the con-
servative side, there are the incumbent players that are naturally tied to heavy investments
in legacy infrastructure and established business models (e.g., TSO, DSOs, electricity
retailers). On the innovation side, there are new entrants from other industries (data man-
agement firms, independent software vendors, telecom operators, etc.) and new actors
to the industry (e.g., aggregators, prosumers, DER manufacturers) that enable new value
creation opportunities (e.g., products or services) through digital actors (e.g., hardware
and software platforms as BESSs, datahubs, demand-side energy management systems
(EMSs)).

To support the design and analysis of smart grid use cases with a common language and
communication across stakeholders, numerous reference architectural models of smart
grids have been proposed. In North America, the initial model was defined by the Na-
tional Institute of Standards and Technology as the Smart Grid Conceptual Model (Greer
et al., 2014). This model was further elaborated in the European context with the Smart
Grid Architecture Model (SGAM) framework, which is concerned with the integration of
DERs and definition of flexibility missing from the conceptual model (CEN-CENELEC-
ETSI, 2012). Furthermore, the IEEE 2030 standard establishes the smart grid interop-
erability reference model to enable the interoperability of information technology and
the electric power system with end-use applications and loads. This model identifies
and defines generic interfaces between functional domains and is also developed with a
system-of-systems approach in the scope of three integrated architectural perspectives:
power systems, communications technology, and information technology. Nowadays, the
work on the standardization of energy markets and services across the European con-
tinues with a design of an Interoperable pan-European Grid Services Architecture that
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promotes the integration of DERs into the electricity markets and enables a pan-European
electricity exchange and trading of energy services in a transparent, nondiscriminatory
manner (ENTSO-E et al., 2021).

Software platforms are the core components of the smart grid architectures, and they are
potential sources of innovation discontinuity, i.e., product or service innovation in an in-
dustry or market that dramatically changes the dynamics of the industry. Platform-based
or digital business models driven by information technology and software companies are
thriving in today’s world economy disrupting multiple industries, including retail, hotels,
and taxis. The reasons for success are in leveraging networked technologies that facilitate
interactions between creators and extractors of value (goods and information) as inter-
mediaries (Fenwick et al., 2019). Platform-based products have no physical limitations
like space and distance and can thus demonstrate exponential growth and be capable of
rapidly disrupting and shifting among industries (Bremdal et al., 2018).

Flexibility platforms

Flexibility platforms as a phenomenon have a relatively short history in the energy domain
in comparison with e-commerce, but many platform types are currently emerging (USEF,
2018b; OFGEM, 2019). USEF (2018b) defines a flexibility platform as follows:

Definition 3.6 (Flexibility platform)
Flexibility platform is an information technology platform capable of facilitating
and coordinating the trade, dispatch and/or settlement of demand-side flexibility.

Market platforms provide marketplaces for flexibility trading, clearing, and settlement.
In addition, OFGEM (2019) classifies them into two principal types of peer-to-peer plat-
forms and grid services platforms. The former facilitates direct energy transactions be-
tween two or more parties at a local level (e.g., for optimizing local self-consumption),
while the latter provides a wide range of grid services for the system operators. Nowa-
days, piloting flexibility market platforms for grid services are typically operated by a
third party and have uncoordinated implementation (Schittekatte and Meeus, 2020). Fu-
ture scenarios of such flexibility market platforms can converge into multiple platforms
with harmonized market rules, super platform hosting multiple markets (portfolio opti-
mization, congestion management, and balancing markets) with a single interface, or a
uniform single-market platform for flexibility (OFGEM, 2019; ENTSO-E et al., 2021).
Furthermore, among market facilitation platforms, datahubs and flexibility registry are
the prominent components to foster access and exchange of market and DER data (e.g.,
resource, measurement, validation, and settlement) for the corresponding needs of market
actors.

Market-based procurement, coordination, and settlement of grid services from DERs re-
quires upgrading of the existing DSO and TSO operational platforms in terms of man-
aging associated communications and information flows, grid modeling, and grid safety
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analysis as well as development of new TSO-DSO and even DSO-DSO coordination plat-
forms (Schittekatte and Meeus, 2020). For DSOs, some of the new functionalities can be
integrated by means of emerging DER management systems (referred to as DERMS) and
possibly its junction with an advanced distribution management system (Vadari, 2019).

Furthermore, there is a set of technology platforms that optimize the value of flexibility at
the levels of a single site or in a confined portfolio or location. The former includes home,
building, and charging station energy management platforms that plan a control strategy
of flexible DERs and smart appliances in their infrastructure to fulfill the customer motiva-
tions for the energy usage. In the latter, location-focused platforms manage and distribute
flexibility within a shared infrastructure of the LES to achieve common energy service
goals (e.g., inside a community) or in terms of operational energy management (e.g., in
the case of a microgrid). The main portfolio-focused technology platform is a virtual
power plant (VPP) (Pudjianto et al., 2007). VPPs are used by an aggregator with an aim
to monitor, schedule, and control a cluster of energy assets to deliver their aggregated en-
ergy and flexibility products for the upper-grid energy, balancing, and flexibility markets.
A variety of VPP concepts exist ranging from a federated VPP (Morstyn et al., 2018) to a
community VPP (van Summeren et al., 2020) and a prosumer VPP (Karnouskos, 2011).
Importantly, the automation technologies of the VPP platform make it possible to engage
even smaller actors to be part of the flexibility value chain (Rahman et al., 2021).

Platform connectivity

An interconnection of the flexibility platforms can be implemented by using the largest
global network infrastructure, i.e., the Internet, and adopting design principles of the Web.
The existing infrastructure of the Internet provides a cost-effective opportunity to establish
a communication network for numerous emerging flexibility platforms and the underlying
devices (Tightiz and Yang, 2020). Furthermore, the principles of information-related shar-
ing services provided by the Web technologies can be applied to energy-related services, if
the quality of service of data exchange streams is met for the energy service (Kouveliotis-
Lysikatos et al., 2020). In addition, ontologies are an essential part of the Semantic Web,
an extension of the present World Wide Web oriented mainly for human-readable content
to machine-interpretable Web with machine-readable semantic information about the data
that enable machines to infer the meaning of the data. Therefore, semantic technologies
are often applied to solve the interoperability problem in machine-to-machine communi-
cation.

In the literature, a plethora of interfaces have been nominated for communication in the
demand-side flexibility management over a public Internet network infrastructure. The
existing smart grid standards heavily rely on IEC standards and a few IEEE standards
listed by Tightiz and Yang (2020). Among the smart grid standards, IEEE P2030.5 is a
good candidate to enable communication interoperability between DER systems, aggre-
gators, and utilities to activate residential flexibility. In particular, IEEE P2030.5 provides
an application interface between the smart grid actors and end-user resources for a set of
functions, such as demand response and control of DERs supported by IEEE 1547-2018.
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Furthermore, a review of relevant standards in the smart grid and telecommunications do-
mains (Elshaafi et al., 2017) highlights the relevance of an open-source OpenADR2.0b
standard in the area of flexibility management. This standard has a service-oriented ar-
chitecture with functionalities relevant for demand response, scheduling, and provision
of ancillary services. Energy Flexibility Interface (FPAN, 2019) that has been developed
by the Flexible Power Alliance Network is an open source interface to model and con-
trol the energy flexibility of smart devices for demand response services. Instead of the
device itself, the interface uses an abstract representation of the device technology by
solely focusing on its energy flexibility properties and mapping it to flexibility categories
with certain control capabilities. In (Nutma et al., 2019), the Energy Flexibility Interface
was extended with the location information and availability information of DER, while a
sanction price was added to a flexibility request of the DSO to minimize the offers with
uncertainty of delivery.

There are a variety of ontologies that standardize data models for the IoT-enabled smart
grid: the SAREF ontology focuses on the harmonization of the device model in the smart
appliances domain (Daniele et al., 2015); SEAS is an extensive ontology for semantic
description of smart energy aware systems including, e.g., electric power system, energy
market, and demand response (Lefrançois, 2017); the OpenADR ontology supports se-
mantic interoperability in the context of demand response (Fernández-Izquierdo et al.,
2020); and SAREF4ENER is an extension of the SAREF ontology in the energy do-
main (Daniele, 2020). Furthermore, the Common Information Model provides a widely-
accepted standard way (in the Unified Modeling Language format) of defining the se-
mantics of the information exchanged in a variety of energy management system appli-
cations (McMorran, 2007). For a more in-depth description of the ontologies and the
corresponding standards, the reader is referred to Daniele et al. (2019), which concluded
that the SAREF4ENER ontology can be used to reach interoperability of demand-side
flexibility at the data level.

3.1.3 Research gaps and contribution

It is fundamental for the activation of demand-side flexibility to interconnect the existing
grid edge asset, market, and system operator platforms with a scalable information ex-
change solution with relevant data models and interfaces (SGTF, 2019). An absence of
such an interface leads to the inability of cost-efficient flexibility harvesting and a risk of
future customer lock-in within vendor solutions, and hinders customer switching among
flexibility service providers. Importantly, an information exchange solution should cope
with the new system operational principles and the growing number of flexibility mar-
ket participants, flexibility trading platforms, and exchanged data (Kulmala et al., 2019).
Furthermore, the operational principles of the legacy system operator platforms should be
revised. A common interface of DSO and TSO platforms should be developed to support
easy access and a level playing field for market parties, including end customers (SGTF,
2019).
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At present, flexibility market platforms are developing according to a scenario in which
many uncoordinated platforms are emerging independently from each other, thereby im-
plemented as proprietary systems (OFGEM, 2019; Schittekatte and Meeus, 2020). The
independently designed platforms can create a complex and costly platform landscape be-
cause of the need for tight interaction among disparate platforms (SGTF, 2019). In partic-
ular, to achieve a harmonized interaction of systems for flexibility service, common defini-
tions for flexibility service terms, principles of data management (models/format/security)
and data exchange (protocols/channels), functional procedures, and roles of systems re-
lated to the implementation of relevant flexibility services need to be commonly agreed
upon (de Jong et al., 2016). As a result, a more coordinated approach can minimize the
risk of technology lock-in and reduce barriers to entry for new participants and lower the
costs.

Therefore, the literature review suggests that there are research gaps in the interoperability
of the smart grid ICT infrastructure. The research in this dissertation addresses these gaps
by analyzing the required communication, information, and functional competencies of
local energy management platforms enabling control of LES resources for grid-flexibility
services. The outcome of this analysis provides a scalable smart grid architecture for
the integration of heterogeneous platforms into flexibility service markets. To this end,
the interoperability problem in a smart grid is tackled by message-oriented middleware
based on the Web technologies. The core of the middleware is an open web API that
enables necessary bridging between heterogeneous platforms involved in the flexibility
value chain using semantically linked data and a flexibility registry system that facilitate
access to the information about the flexibility properties of energy resources in the LES.
The contributions and novelty of the research can be detailed as follows:

i. Design of a scalable and decentralized smart grid architecture for market-based flexi-
bility aggregation of local energy systems that employs an interoperable data exchange
between disparate platforms of a grid-flexibility management;

ii. Design and implementation of a high-performance architecture of a flexibility registry
for automated access to flexible resources information for the procurement of grid-
related flexibility services.

3.2 Methodology

The methodology of this study follows the guidelines of model-driven architecture de-
velopment (Dänekas et al., 2014). Here, the methodology is applied to the SGAM with
the objective to define a scalable smart grid architecture capable of supporting integration
of local energy management platforms into the existing and emerging business models
of the electric power system. The model-driven architecture development consists of a
system functional analysis, system architecture description, and a design & development
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phases illustrated in Figure 3.1. The first two phases are based on the use case mapping
process of smart grid solutions to SGAM layers (CEN-CENELEC-ETSI, 2012), while
the latter is not SGAM related and is devoted to the realization of a specific solution from
the architecture. The deliverables of the final phase, i.e., design & implementation, are a
platform-specific model and its implementation for the particular components.

Develop information 

layer

Develop component 

layer

Develop communication 

layer

Platform-specific

model

Platform-specific

implementation

Use case analysis

Develop function 

layer

Develop business 

layer

System analysis System architecture Design & implementation 

Figure 3.1: Model-driven architecture development. Adapted from (Neureiter, 2013).

3.2.1 Research methods

In what follows, the research methods applied to the architecture development are de-
scribed.

Smart Grid Architecture Model

The SGAM was initiated by the Standardization Mandate M/490 (Jiménez, 2011) with
the aim of harmonizing the European standard enhancement and innovation development
in the field of smart grids as well as helping different stakeholders (e.g., engineering com-
munity, policy makers) to have a common and unified perception of aspects related to
smart grids. The SGAM provides a three-dimensional presentation of the model archi-
tecture decomposed into the concepts of domains, zones, and interoperability layers (see
Figure 3.2). The domains cover the electrical process viewpoint by separating the energy
conversion chain of smart grids into Bulk generation capacities, Transmission infrastruc-
ture, Distribution infrastructure, DERs connected to the distribution grid, and Customer
premises. The zones represent the power system information management viewpoint on
the electric process by partitioning it into hierarchical levels: Process, Field, Station, Op-
eration, Enterprise, and Market. Finally, the interoperability layers express the respective
architecture viewpoint with five abstract layers: Business, Function, Information, Com-
munication, and Component. Here, the smart grid architecture is formalized using the
SGAM Toolbox (Neureiter, 2013) in the Enterprise Architect software (Sparks, 2009).

Use case mapping process

Prior to the mapping, a review of the novel use cases in the European smart grid projects
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Figure 3.2: SGAM representation. Source: CEN-CENELEC-ETSI (2012).

related to the concept of DER integration is conducted to identify the cases of focus. Then,
a preliminary analysis of the use case to be mapped is carried out through detailed-level
IEC 62559-2 templates (Gottschalk et al., 2017) and the refinement process described
by Mashlakov et al. (2018). Finally, the use case mapping process consisting of the con-
secutive development of SGAM layers is conducted. The system functional analysis is
described by the Business and Function layers that identify functional requirements for
the realization of a smart grid use case, while the architecture is described by the Com-
ponent, Information, and Communication layers that deliver a technical solution for the
implementation of these functionalities.

The mapping process starts with business layer development that identifies relevant busi-
ness actors and their business goals. Furthermore, it includes the business use cases that
realize the assigned goals of the business actors with certain business procedures and
high-level use cases that describe the business procedures with general-level technical
functions. The Function layer further decomposes a single high-level use case into a
collection of more granular primary use cases with assigned logical actors. Then, the
system architecture description starts by mapping logical actors to physical components
on the Component layer. The Information layer establishes the information objects ex-
changed between the components and appropriate data models for these information ob-
jects. Finally, the Communication Layer determines the technology and protocols used
for the communication between single components. The use case mapping focuses on
the functional requirements, whereas nonfunctional requirements (e.g., reliability, avail-
ability, maintainability, safety, security, and privacy) are outside the scope of this work.
Furthermore, the use cases are built at a detailed level of abstraction to provide an archi-
tecture view rather than an implementation description.
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Web of Things

Web of Things (WoT) is a further refinement of the IoT concept that adopts a resource-
oriented architecture to integrate a physical resource into the Web by reusing and adapt-
ing the Web fundamental principles commonly used for traditional Web content (Guinard
et al., 2011; Trifa, 2011). In short, these principles can be summarized as the utilization
of URIs for identifying things, semantic metadata for describing the things, and standard
Web protocols for accessing the things as application layer protocols. Essentially, the
WoT extends the web of pages into a web of things and enables through APIs to pro-
grammatically search and access the device data and services as any other content on the
Web (Guinard et al., 2011). Importantly, WoT addresses the interoperability barrier by
creating a generic abstraction layer over vertical technological silos and enabling data
exchange between multiple domains and composition of more complex services indepen-
dent of the underlying standards, communication protocols, and data formats (Martins
et al., 2017).

In the WoT architecture, every individual physical entity or virtual aggregated platform is
a Thing that is represented by its virtual abstraction called WoT servient (i.e., both server
and client). The servient binds the control functions and platform-specific protocols of the
resource to a unifying horizontal application-level connectivity. The main components
of the servient include thing description with semantic metadata in a machine-readable
format about the thing itself, its interaction model, and security mechanisms; operation
logic described by application scripts, executed in a runtime environment, and managed
by scripting APIs; binding templates to different transfer protocols (e.g., HTTP, MQTT)
to connect to IoT platforms and ecosystems; and low-level APIs, including client API to
discover and access other Things, server API for providing resources, and system APIs to
communicate with legacy devices.

Smart API framework

Smart API is an open-source framework designed to provide compatible data exchange
between previously unknown IoT systems and applications within a dynamic environ-
ment, such as an energy system and smart cities (Asema, 2017b). The core of Smart API
data models is an object that represents physical devices and programming abstractions of
the devices. Each object contains Property variables that describe the object and Action
methods that specify the functionalities of the object. The classes that the objects inherit
are categorized into Entities, Evaluations, and Property containers. The Entities are the
targets of data processing, such as devices, services, and people. The Evaluations are the
methods defining the data processing instructions, e.g., Abilities, Controllabilities, and
Availabilities. Finally, the Property containers provide a standardized structure for the
property data; e.g., the ValueObject container includes the Quantity, Unit, and DataType
variables. The connections and relations between the objects are defined by Smart API
ontologies (Asema, 2017a) that utilize a Resource Description Framework as a seman-
tic data specification model (Antoniou and Van Harmelen, 2004; Manola et al., 2014).
Furthermore, Smart API provides security features, such as transport layer security, mes-
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saging encryption and signing, and authentication utilizing OAuth2. In addition, Smart
API supports invoicing ledger functionality for monetizing the system services and data.

3.3 Results

In this chapter, case studies are introduced and research findings are stated.

3.3.1 Case study

As a result of the use case review, a use case study of flexibility service provision by a
microgrid typology of LESs was selected for the model-driven architecture development.
First, the SGAM use case mapping methodology is applied to the use case with a special
focus on the ICT architecture of the local energy management platform enabling flexibil-
ity provision for active network management. Then, a design and implementation of a
flexibility registry platform is proposed as one of the elements of this architecture. The
system architecture development and implementation parts are carried out with reference
to the WoT paradigm, while the information exchange interface is implemented by using
the Smart API framework.

3.3.2 Research findings

a. Flexibility Services of Microgrids

As a result of the system analysis phase, a business use case “Flexibility Services of Mi-
crogrids" is introduced with business and functional layers presented in Figures 3.3–3.4.
The business actors that are involved in the use case and represent the flexibility mar-
ket value chain belong to: the flexibility service provision side, involving prosumers, the
aggregator, the microgrid operator (MO), and the service provider; the flexibility procure-
ment side represented by the DSO and the TSO; and the flexibility marketplace operator
connecting both sides together and ensuring the market settlement. The risks for the
realization of the use case include but are not limited to the realization of the neces-
sary regulatory directives, remuneration schemes encouraging prosumers to participate
in these services, the economic feasibility of the deployment of these services from the
perspective of the DSO and the TSO, and the ubiquity of DERs. Finally, the realization
of the information exchange solution for the flexibility management of the microgrid is
an important condition of the use case realization and is the primary focus of this study.

The flexibility aggregation responsibilities are divided between the MO and the aggregator
into technical and commercial ones. Indeed, the aggregator provides a market interface for
the microgrid flexibility and aims to maximize the flexibility profit, whereas the MO (or
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Figure 3.3: SGAM business layer for the business use case (BUC) Flexibility Services of Micro-
grids: service provider (SP), flexibility market operator (FMO), high-level use case (HLUC).

similarly community manager) provides the resource management service for prosumers
by scheduling their resources to leverage the available flexibility. Finally, the service
provider actor delivers additional forecast and analysis services to all actors involved in
the flexibility market value chain. To this end, the objectives of prosumers are identified
in optimizing of the energy costs and decreasing the payback period of DERs but are
refined and extended later in Chapter 5 to a variety of techno-socio-economic goals for
the operation mode of DERs.

The analysis established the System Balancing and Network Management business use
cases as the most prominent ones for the system operators because of their potential cost-
effectiveness in comparison with traditional resources or technologies. The corresponding
high-level use cases include the FCR service and a group of CM services consisting of
Volt/VAR Optimization, Network Restoration, and Power Flow Optimization. In particu-
lar, the TSOs’ goal is to procure the operational flexibility of microgrid resources for the
FCR-N service to maintain frequency stability in the power system (Kundur et al., 2004),
whereas the DSOs objective is to employ CM services to ensure the quality and security
of supply in the network (Klyapovskiy et al., 2019).

The Function layer in Figure 3.4 reveals the minimum functionality needed from the MO
actor to provide the above-mentioned flexibility services. As an exemplary high-level use
case, a conditional reprofiling product for CM service was chosen. The description of
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Figure 3.4: SGAM functional layer for the high-level use case of conditional reprofiling repre-
sented by primary use case (PUC) functionalities.

the functionalities in the form of primary use cases is summarized in Table 3.1 and can be
implemented both in a centralized and a decentralized manner. In the former case, the MO
performs the full range of the above-presented functions, while in the latter the flexibility-
related functions are distributed among lower-level logical actors. Among the introduced
microgrid functionality, the realization of Data Acquisition and Transmission is studied
below, while the Flexibility Forecast and Flexibility Scheduling related applications are
further investigated in Chapter 4 and Chapter 5, respectively.

Table 3.1: Primary use cases describing the microgrid functionality for flexibility service provi-
sion.

Primary use case Description
Flexibility Forecast Quantifies the flexibility of the microgrid resources during a particular

time interval based on the energy forecasts
Flexibility Scheduling Schedules the microgrid resources in order to realize the procured flex-

ibility service while guaranteeing compliance with the operational lim-
its of the microgrid network and the individual DERs

Flexibility Verification Verifies the activation of the reserved flexibility by comparison of con-
tracted and activated flexibility

Flexibility Acquisition
and Controla

Gathers the measurements from the microgrid resources to coordinate
their operation according to the planned schedule

Data Management Contains the logic of the system operation, handles the data transition
and aggregation within the functions of the system, and interacts with
a database retrieving, storing, and harmonizing the data

Data Acquisition and
Transmission

Provides an information exchange interface for communication with
external actors, processes input data, and translates data models be-
tween internal and external standards

a Implements flexibility forecast, scheduling, and verification in the case of decentralized control.
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Figure 3.5: Information and communication layers of the SGAM mapped over the component
layer: intellectual electronic device (IED), customer energy management system (CEMS), ag-
gregator management system (AMS), distribution management system (DMS), microgrid virtual
local area network (MG VLAN).

The architectural description in Figure 3.5 provides the blueprint of the ICT solution that
supports the interoperability of information exchange between the management platforms
of the flexibility market actors and the system operators for the realization of the identi-
fied flexibility services. In this figure, the ICT architecture of the microgrid is mapped
to the field, station, and operation zones of the Component layer. The flexibility ser-
vice functionalities specified for the MO business actor are represented by servient-class
software called a microgrid management system (MGMS). In terms of WoT connectivity
patterns, the MGMS can be organized as a cloud proxy servient (Kovatsch et al., 2021).
The definition of the MGMS is given in (Mashlakov et al., 2019b) as follows:

Definition 3.7 (Microgrid management system)
A platform that aggregates and processes technical information about the microgrid
for different time periods to optimize scheduling of its resources in order to guaran-
tee quality of supply as well as to allow participation of the microgrid resources in
flexibility services.

The internal communication layer of the MGMS (i.e., below the station zone) preserves
the diversity of protocols and data models of the legacy systems of a microgrid for the
information exchange with customer energy management systems, DER intellectual elec-
tronic devices (e.g., device inverters), actuators, and sensors depending on the existing
microgrid infrastructure. In particular, the field-level devices can adopt IEC 61850-9-2
and Modbus protocols for meter reading and control, and the hypertext transfer protocol



54 3 Interoperability of flexibility aggregation management

(HTTP), IEC 60870-5-105, and DLMS/COSEM as station-level protocols. DLMS stands
for device language message specification, while COSEM represents COmpanion Spec-
ification for Energy Metering. However, the upper-level point-to-point communication
takes place over the public Internet and is enabled by a unified Smart API interface at the
connection point of each logical actor that maps the site-specific protocol and data models
to shared data models and common protocols.

The communication over Smart API is realized via the common request-response secure
version of HTTP and subscription-based message queuing telemetry transport (MQTT)
over transport layer security protocols depending on the exchanged information object.
Similarly, while the data models of the internal information exchange remain unchanged
(e.g., common data models for meter reading and control commands with the IEC 61850-
7-4, IEC 62056-62, and IEC 60870-5-101 standards), the upper-level information ex-
changes are built with linked semantic data models realized in Smart API. For instance,
the meaning of the message data can be represented by QUDT ontology of quantities,
units, dimensions, and data types, Smart API ontology, and a CIM XML or common
information model with an eXtensible Markup Language syntax.

b. Flexibility Registry

In general, the registry acts as a “phone book" in a decentralized machine environment and
enables the previously unknown virtual things to discover each other based on the their
registered metadata to directly exchange the information. Here, the flexibility registry is a
platform providing primarily the storing and secure sharing of the flexible resource meta-
data with the other platforms in the flexibility market. Figure 3.6 illustrates an example
of the semantic thing description of the MGMS compiled with the Resource Description
Framework data model and serialized in the Turtle format. The metadata mostly refers
to the Smart API ontology that is extended by the entities related to the anticipated orga-
nization and terminology of the decentralized smart grid architecture and elements from
the WoT ontology. The semantic metadata contain the most essential categories for the
discovery and access of the MGMS with an intention to procure flexibility services. Such
categories include aggregated capabilities of microgrid resources for the supported flex-
ibility services, access interfaces to procure and verify the services, and location of the
microgrid in the network. However, the metadata can be potentially enriched with addi-
tional categories; see, e.g., van den Broek et al. (2021). In the following, thing description
in Figure 3.6 is elaborated.

The description is compiled for the Green Campus microgrid that is uniquely identified
as a MGMS entity with the unified resource locator address lutmicrogrid.fi/mgms/access,
while its properties are located under corresponding paths of this address. The physical
location of the microgrid in the national grid is described by the point of common coupling
(PCC) and represented by the ElectricConnection entity under the connection path. The
MGMS has the capability to provide its metadata directly, i.e., without the use of the
registry system, via the discover path. However, the system data are accessible if the
authorization requirements stated under the authorize path are met. The metadata also
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@prefix ns1: <http://smart-api.io/ontology/1.0/smartapi#> .
@prefix ns2: <http://data.nasa.gov/qudt/owl/qudt#> .
@prefix rdf: <http://www.w3.org/1999/02/22-rdf-syntax-ns#> .
@prefix rdfs: <http://www.w3.org/2000/01/rdf-schema#> .
@prefix xml: <http://www.w3.org/XML/1998/namespace> .
@prefix xsd: <http://www.w3.org/2001/XMLSchema#> .

<microgrid.fi/mgms/access> a ns1:MicroGridManagementSystem ;
        rdfs:label "GreenCampus"^^xsd:string ;
        ns1:hasAvailability </connection> ;
        ns1:hasCapability </discover> ;
        ns1:hasDataAvailability </authorize> ;
        ns1:manages </BESS>, </PV>, </HVAC>;
        ns1:offersService [ a ns1:ConditionalReProfiling;
                                          ns1:hasAvailability </resource> ;
                                          ns1:hasCapability </flexibilityforecast>, </reservenotification>, </reserveactivation>,</reserveverification> ].

</BESS> a ns1:BatteryEnergyStorage .
</PV> a ns1:PhotovoltaicPanel .
</HVAC> a ns1:HVAC.
</connection> a ns1:ElectricConnection ;
                           ns1:valueObject [ a ns1:NationalEnergySystem; rdf:value "Finland" ],
                                                      [ a ns1:FlexibilityAreaID; rdf:value "FIN1" ],
                                                      [ a ns1:SecondaryTransformerID; rdf:value 3234 ],
                                                      [ a ns1:PCC; rdf:value 342133 ].

</resource> a ns1:ResourceFlexibility ;
                  [ a ns1:ElectricEnergy; ns2:quantityKind ns1:CapacitiveElectricalEnergy ;
                       ns2:unit <http://data.nasa.gov/qudt/owl/unit#Kilowatthour>; rdf:value 100 ],
                  [ a <http://data.nasa.gov/qudt/owl/quantity#Power>; ns2:quantityKind ns1:ActivePower ;
                       ns2:unit <http://data.nasa.gov/qudt/owl/unit#Kilowatt>; rdf:value 100 ] .

</flexibilityforecast> a ns1:Property ;
                         ns1:entity [ a ns1:FlexibilityForecast ;
                         ns1:valueObject [ a <ID> ; ns1:dataType ns1:string ],
                                                    [ a <Type>; ns1:dataType ns1:string ],
                                                    [ a <Power> ; ns2:quantityKind ns1:ActivePower; ns2:unit ns1:Watt ],
                                                    [ a <Start>; ns1:dataType ns1:dateTime ],
                                                    [ a <Stop> ; ns1:dataType ns1:dateTime ] ] ;
                         ns1:interface [ a ns1:InterfaceAddress ;ns1:contentType "text/turtle"^^xsd:string ;
                         ns1:host “lutmicrogrid.fi"^^xsd:string ;
                         ns1:parameter [ a ns1:Parameter; ns1:key "httpMethod"; rdf:value "POST" ] ;
                         ns1:path "/access"^^xsd:string ;ns1:port 8080 ;ns1:scheme "https"^^xsd:string ] ;
                         ns1:method ns1:Read .

    ...
</reserveverification> a ns1:Event ;
                            ns1:timeSeries [ a ns1:VerificationNotification ;
                            ns2:quantityKind ns1:ActivePower; 
                            ns2:unit ns1:Watt; ns1:list [ ] ;
                            ns1:temporalContext [ a ns1:TemporalContext ;
                                                                    ns1:parameter [ a ns1:Parameter ;
                                                                                                 ns1:key "http://purl.org/dc/terms/hasFormat" ;
                                                                                                 rdf:value xsd:dateTime ] ] ] .
                            ns1:interface [ a ns1:Initialize ;
                                                       ns1:parameter [ a ns1:Parameter; ns1:key "mqttMethod"; rdf:value "subscribe"],
                                                                               [ a ns1:Parameter; ns1:key ns1:topic; rdf:value "microgrid.fi/mgms/access/Response"],
                                                  [ a ns1:Request ;
                                                       ns1:parameter [ a ns1:Parameter; ns1:key "mqttMethod"; rdf:value "publish" ],
                                                                               [ a ns1:Parameter; ns1:key ns1:topic; rdf:value "microgrid.fi/mgms/access/Notify"] ] ;
                                                       ns1:method ns1:Read . 

Figure 3.6: Listing of MGMS thing description using the Resource Description Framework data
model in the Turtle format.

specify the DERs managed by the microgrid, including BESS, solar PV panel, and the
HVAC system.

The flexibility service offered by the MGMS is Conditional Re-Profiling, whose maxi-
mum available aggregated flexibility is described under the resource path. Furthermore,
the temporal service parameters can be enquired by using the group of information ob-
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jects, such as FlexibilityForecast, ReserveNotification, ReserveActivation, and ReserveV-
erification with corresponding interface capabilities that specify the necessary request
details, including, e.g., methods, topics, and ports. The information objects are the mes-
sages related to the upper-level data exchange in the system architecture (see Figure 3.5).
These objects are specified with a minimum amount of necessary information and a sim-
ilar structure, typically including message identification, flexibility type, power capacity,
start and stop times; see (Mashlakov et al., 2019b) for more information. These interfaces
correspond to the WoT interaction models: the Flexibility Forecast entity corresponds to
the Property type, Reserve Notification3 belongs to the Action type, and the Activation
Notification and Verification Notification entities represents the Event type. The Flexi-
bility Forecast enables to request available microgrid flexibility for the flexibility service
per time interval; Reserve Notification follows the flexibility request and can reserve the
capacity for flexibility service; Reserve Activation enables to activate the contracted ca-
pacity in real time during the contracted period; and finally, Verification Notification ver-
ifies the activation of reserved resources and acts as a ground for the payment process.
The property entity employs the request-response HTTP protocol, while the notification
entities use the publish-subscribe MQTT protocol that is adopted to the request-response
pattern through the Initialization and Request phases.

The architecture of the metadata registry for the discovery of MGMS entities by the plat-
forms of market actors, such as the aggregator management system is presented in Figure
3.7. The metadata registry is designed as a unilingual multidatabase application with
Front-end, Mediator, Wrapper, and Database layers and built as a multicontainer Docker
application (Merkel, 2014). The nonfunctional design principles rely on the assump-
tions of the presence of multiple flexibility areas and provision of flexibility services for
system-wide and location-specific flexibility services. The functional design of the reg-
istry architecture is intended to provide security, scalability, and availability even at times
of high loads because the registry is considered a point of failure for the autonomous envi-
ronment. The security is guaranteed by end-to-end security through payload encryption of
the exchanged messages between the external client and the Mediator layer of the registry
and the point-to-point security measure through the transport layer security protocol. The
scalability is enabled horizontally by the number of web servers and multidatabase ar-
chitecture, where each database represents a specific flexibility area, as well as vertically
by the configuration of the web servers in the Mediator and Wrapper layers supporting
multithreading and asynchronous requests. Furthermore, the high-performance database
cluster has linear scalability and asynchronous replication between the nodes. The avail-
ability of the registry is guaranteed by the redundancy of the gateway web server perform-
ing load balancing across the network of application web servers as well as the availabil-
ity of the cluster database during partitions, i.e., a failure of a subset of nodes, caused by
primary-secondary replication and migration of replicas. Furthermore, the functionality
of the registry can be extended to an encryption key management by storing and distribut-
ing public encryption keys between the actors having the rights to communicate. In the

3Reserve Notification and Activation Notification are omitted from Figure 3.6 for the sake of space but
described similar to the ReserveVerification.
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Figure 3.7: Registry architecture (a) and property graph database illustration (b) with an example
of an Open Cypher query for the conditional reprofiling service.

following, an operation of the registry is explained per layer.

The Front-end layer handles external client requests with Smart API objects coming from
the public internet infrastructure with a reverse proxy web server with load balancing.
The server provides the data integrity and confidentiality by the session keys and trans-
port layer security record protocol and distributes the unencrypted request between the
cluster of Web Application Servers in the Mediator layer to maximize the performance.
The main functionalities of the application servers are payload decryption and typewise
request distribution among the Database servers in the Wrapper layer. The MGMS regis-
tration requests are directed to the flexibility area stated in its metadata, while the resource
discovery queries are forwarded based on the flexibility service type in the request. In par-
ticular, the location-specific service requests (e.g., with Network Management use cases)
are redirected to the Database Server related to the requested flexibility area, whereas if
the service is system-wide as in the System Balancing use cases, all the Database Servers
are asynchronously requested.

The Database Servers perform all the manipulations related to the request transformation
from Smart API objects to the data structure appropriate for storing and backwards that is
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further used to make read and write queries to the Database layer. Each flexibility service
area has two types of databases working jointly; a Property Graph database and a key-
value Binary Object database. The binary database stores the incoming MGMS metadata
descriptions in a pickled format under the hash-value of MGMS’s URI that serves as a key.
The graph-based storage assumes a mapping of registered MGMS services to a graph-
based representation of a physical medium voltage grid. For that, a labeled property graph
with nodes and edges is built (see Figure 3.7b). Part of the MGMS metadata description
including identification and offered services is converted into a property graph. This
MGMS service graph is then connected to the node of the network graph based on its
ElectricConnection entity (see Figure 3.6), containing identifiers of the flexibility area,
the distribution transformer, and the PCC. The graph database enables an application of
graph search algorithms for the MGMS discovery. Furthermore, the joint operation of the
databases is built such that the graph database is queried first to derive the appropriate
URIs of the MGMS and then to use these URIs as keys to retrieve metadata objects from
the binary database.

The Front-end layer is built with NGINX (Reese, 2008), while both the Mediator and
Wrapper layers are implemented with the Flask micro web framework (Grinberg, 2018).
The binary database is implemented with a high-performance Redis cluster (Carlson,
2013) dedicating a primary node and a secondary replication node (red and gray in Fig-
ure 3.7a) per flexibility area. The graph database is implemented with the Redis graph
module and fetched with the Open Cypher query language.

3.4 Discussion and reflection

This section discusses the research results in terms of their implications, generality, rela-
tion to the existing knowledge, and future potential.

3.4.1 Implications of the results

The presented results demonstrate a part of the smart grid architecture related to the flex-
ibility service procurement from LESs that has been employed for the development of
an integrated business platform in the HEILA project (Mashlakov et al., 2019b). In this
project, the described interoperable information exchange interface was implemented as a
technical solution, and its correct operation was verified with open hardware-in-the-loop
and communication testing, involving diverse platforms of flexibility markets and system
operators (Kulmala et al., 2019; Keski-Koukkari et al., 2019; Mashlakov et al., 2019b).
The demonstration results concluded that the architecture can promote the development
and utilization of flexibility-related services and products. In the future, this reference
architecture can be useful for developing, implementing, and testing advanced smart en-
ergy functionalities at the system level and to be suitable for many other projects aimed
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at market-based flexibility procurement of LES flexibility.

Moreover, for the information management of electric power systems having similar prob-
lems of interoperability as the IoT, the WoT principles represent an appealing opportunity
for the interoperability of information sharing between diverse flexibility management
platforms to coordinate flexibility services and more effectively manage the grid (Ca-
ballero et al., 2018). The proposed middleware has O(N) complexity for the interop-
erability of N standards using reusable standard-to-middleware mapping, while O(N2)
adapters have to be created in the case of direct standard-to-standard mapping. The so-
lution is not a “uniform standard" per se but requires no extra engineering work to build
numerous dedicated point-to-point communication links if the mapping of the standard to
the middleware exists. Furthermore, all communication in the middleware employs the
public Internet and integrates the platforms as part of the World Wide Web with the corre-
sponding technology principles. Previously, the Web of Things concept has been adopted
to sensor networks in smart grids in a work of Caballero et al. (2018), where the Web of
Energy concept has also been introduced. This research contributed to further progress in
that research direction.

Furthermore, the flexibility registry service has the potential to become one of the enablers
of the flexibility market infrastructure by providing machine-driven market integration of
the energy resources. Importantly, the flexibility registry can also improve the visibility of
DERs and prevent the negative consequences of uninformed decision-making on system
resilience and utilities’ function delivery because of limited DER visibility (OFGEM,
2021). For instance, over 1300 MW of distributed generation was disconnected during a
power outage on the 9th August 2019 in Great Britain.

3.4.2 Generality (limitations) of the results

The presented architecture model provides separation of responsibilities and relevant data
abstraction for flexibility management among control, market, and procurement entities.
In that case, this architecture follows the design for an open energy flexibility market in
(Nutma et al., 2019). Furthermore, the identified business use cases are in agreement with
the proposal by USEF (2018a) for ancillary services from explicit demand-side flexibil-
ity. Importantly, the proposed decentralized information exchange architecture enables
both the currently used business models and legacy platforms and completely new smart
energy functionalities (Kulmala et al., 2019). However, the use of an open networking
infrastructure (public Internet) as the basic communication network limits the application
of the information exchange interface to the services that set no strict requirements for the
information exchange rate.

The role of a flexibility registry varies depending on the underlying architecture. For
instance, in the proposed framework of a single flexibility platform, the flexibility reg-
istry serves as an essential data tool of the market processes involved in flexibility ser-
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vices (ENTSO-E et al., 2021). In particular, the proposal specifies multiple registry mod-
ules responsible for: the quality and security of the data governance; collecting and storing
flexibility contract information, collecting and storing (static) resource information data
and the results of the prequalification process; collecting and storing (real-time) metering
and resource availability data; storing and distributing activation data; and validation of
the fulfilment of the reserved capacity or/and delivered energy. Therefore, the presented
implementation of the flexibility registry is limited solely to the resource information
module in this study.

3.4.3 Current barriers and policy recommendations

The interoperability remains a critical yet underdeveloped capability of the power system.
One of the barriers is the limited openness of technology vendors for co-creation of new
energy service solutions (Kotilainen et al., 2016). An endeavor to resolve the limitation
of the existing system in the access and exchange of data was included in the recast of the
Electricity Market Directive (EU) 2019/944 (European Commission, 2019) in the Clean
Energy Package. Overall, the updated directive in Article 24(2) enables the European
Commission to specify requirements and nondiscriminatory and transparent procedures
for eligible third-party access to consumer data, including data related to metering, con-
sumption, demand response, and other services. The implementation of these directives
would facilitate the full interoperability of energy services and contribute to innovative
energy services. However, currently only some Member States (e.g., France, Finland,
Germany, and Slovenia) have set the corresponding national rules (SmartEn, 2020).

Furthermore, Article 32 of the Electricity Directive stipulates the Member States to pro-
vide the necessary regulatory framework for the use of flexibility services in distribution
networks. In particular, the regulatory authorities shall incentivize DSOs to improve effi-
ciencies in the grid management by procuring flexibility services in a transparent, nondis-
criminatory, and market-based manner, if it is economically efficient and not counterpro-
ductive. In addition, the specifications for the flexibility services procured and, where
appropriate, standardization of market products for such services shall be carried out at
least at a national level. As of the transposition deadline in 2020, no country has fully
transposed provisions for the market-based procurement of flexibility by DSOs (SmartEn,
2020), yet France, Finland, Italy and the United Kingdom have allowed DSOs to pro-
cure flexibility services on a pilot basis, while local flexibility markets are still at their
infancy (SmartEn, 2020). Similarly, the Electricity Directive in Article 17 also incen-
tivizes the Member States to establish a regulatory framework for demand response ag-
gregation. However, the demand response aggregation is realized for all markets only in
France (SmartEn, 2020).

The reluctance of incumbent energy market actors is typically seen as a barrier for pro-
sumption (Kotilainen et al., 2016). However, there is evidence of the system opera-
tor’s willingness for market-based flexibility procurement in the Finnish context (Rah-
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man et al., 2021) and initiatives for establishing a joint single-interface flexibility market
platform across multiple networks in the United Kingdom to ease the engagement of cus-
tomers in the distribution flexibility services market (USEF, 2020).

3.5 Conclusions

This chapter focused on the interoperability issue in the context of flexibility aggregation
of demand-side resources in the heterogeneous environment of flexibility management
platforms. As a result, the research presented a decentralized smart grid architecture
describing the required functional competencies of local energy management platforms
to provide grid-flexibility services and message-oriented middleware that addresses the
interoperability problem deploying Semantic Web technologies. In particular, the mid-
dleware establishes horizontal application-level connectivity among heterogeneous plat-
forms based on the principles of the Web of Things paradigm, in which an existing plat-
form or device is integrated as a Web component with unique identification, semantic
description, and common interaction patterns of Web interfaces. The application pro-
gramming interface of the information exchange solution was described based on the
object-oriented and semantics-based Smart API framework. The study also demonstrated
a flexibility metadata registry for machine-driven discovery of information about local
energy systems by market and system operator management platforms. The presented
architecture was built as a multidatabase web application meeting the nonfunctional re-
quirements such as a scalable, secure, and reliable architecture, as well as the functional
requirements for discovery of the virtual representations of the devices for gaining further
access details to local energy management platforms.

Answering the research question RQ1:

RQ1 What are the requirements to enable interoperable technological integration of lo-
cal energy management platforms into the provision of grid-flexibility services?

the following interoperability requirements are highlighted:

i. Functional. The results of the functional analysis suggest that the local energy
management platforms should provide Flexibility Forecast, Scheduling, and Ver-
ification applications for the interaction with upper-level platforms. Furthermore,
the Flexibility Control and Acquisition functionality is required for communication
with lower-level platforms, while the Data Acquisition and Transmission function-
ality enables an information exchange interface with external platforms. Finally,
the Data Management functionality orchestrates the platform operation by aligning
the interface procedures with the operational processes.
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ii. Information. The message objects involved in the upper-level information ex-
change should be presented in a standardized, machine-readable format with se-
mantic annotations. The necessary information objects of the messages should in-
clude Flexibility Forecast, Reserve Notification, Reserve Activation, and Reserve
Verification with the agreed content structure.

iii. Communication. The information exchange of the platforms should be realized
over a public communication network following the business interaction flow and
employing standard web application programming interfaces with common mes-
sage exchange patterns.
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4 Uncertainty quantification in energy forecasting

Exploring the unknown requires tolerating uncertainty.

— BRIAN GREENE

The informed decision-making and planning of energy market agents relies on future
knowledge of the operating environment and underlying processes. Usually, the forecast-
ing theory is applied to learn from data (i.e., generalize) the current and past knowledge
about the dynamics of a data generating process for future unobserved states (Faloutsos
et al., 2019). However, the invariably imperfect mathematical representation of the pro-
cess nature is subject to forecast errors that propagate up to the decision making process.
Knowledge of the uncertainty information is thus crucial to prevent undesirable conse-
quences of incorrect predictions associated with the infrastructure safety or the agent’s
operating costs. As such, quantification of a model’s prediction capabilities and confi-
dence in the predictions is required for agents to minimize risks and maximize the bene-
fits. In the context of the dissertation, this chapter aims to answer the research question
RQ2:

RQ2 What are the effective criteria in data-driven characterization of the energy fore-
casting uncertainties arising from the data generating processes associated with
flexibility management?

Section 4.1 gives an introduction into the topic of time series forecasting, provides a
literature review, and highlights research gaps. In section 4.2, the proposed methodology
to model forecast uncertainty and evaluate its efficiency is described. Section 4.3 presents
the results of the model performance for the specific case studies. Finally, section 4.4
concludes the chapter with a discussion regarding the implication, generality, and further
steps. This chapter summarizes the content and results of Publications III–V, which are
provided at the end of the dissertation.

4.1 Introduction

Energy forecasting is applied to a variety of problems in the power system and electricity
markets; e.g., from setting reserve requirements to economic dispatch processes (Ahmed
and Khalid, 2019). However, this field of forecasting is challenged by the unique attributes
and complex interdependent nature of the processes in the electric power industry; e.g.,
the system stability requires a constant balance between production and consumption,
which, in turn, depend on many exogenous variables, including volatile weather condi-
tions, patterns of human- and business-related activities, and fuel price fluctuations, as
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well as previous operational and market decisions (Lago et al., 2018). As a result, such
characteristics as strong nonlinearity, significant short-term peaks, daily/weekly seasonal-
ity, and high volatility complicate accurate forecasting of such processes (Brusaferri et al.,
2019). In that context, quantification of forecast uncertainty is crucial to derive forecast
value and benefit for risk-aware decision-making problems in the electric power industry.
For instance, an accurate uncertainty estimation of weather-dependent renewable sources
has a direct influence on the electricity market prices (Martinez-Anido et al., 2016), finan-
cial prosperity of the market actors, operating costs of system operators, and the social
welfare at large (Bessa et al., 2017; Ahmed and Khalid, 2019). However, the utility prac-
tices are reluctant to the adoption of the uncertainty forecasts (Bessa et al., 2017), and the
energy forecasting approaches should be improved to estimate the prediction uncertain-
ties and leverage large amounts of data with complex multivariate dependences (Sweeney
et al., 2020). Indeed, uncertainty quantification is an important requirement in the con-
dition of the growing number of machine learning systems being adopted in the control
of the physical infrastructures of power systems and in energy market decision-making.
Most of the forecasting problems in the energy industry fall into the category of time
series forecasting. In this research, a special focus is on short-term probabilistic energy
forecasting that includes the time periods from several hours to days ahead.

4.1.1 Background

Time series forecasting is a regression problem that is concerned with the prediction of nu-
meric values of continuous variables in the future given some input condition. Normally,
a forecasting process makes use of a dataset, a loss function, an optimization procedure,
and a model (Petropoulos et al., 2021). The forecasting model is an arbitrary function
that learns the causal relationships between a given set of observed input training data
and a set of output variables using a supervised learning procedure; i.e., by minimizing
a specific loss function by adjusting model parameters. The predictive capability of the
model is evaluated depending on how it generalizes the knowledge to previously unob-
served inputs in comparison with the training loss (Goodfellow et al., 2016). The model
is called underfitting if the training loss is large and overfitting when the gap between the
training and testing losses is too large.

The research on forecasting distinguishes two main types of models based on their output:
deterministic (also known as a point forecast) and probabilistic. These models approxi-
mate the conditional mean and conditional variance of the target data, conditioned on the
input vector (Bishop, 1994). The expectation of target data is referred to as the predictive
mean of the model, and its variance is called the predictive uncertainty (Gal, 2016). The
deterministic models provide very limited information about the true properties of the tar-
get data and are thus vulnerable to forecast errors and unexpected events (Der Kiureghian
and Ditlevsen, 2009). In their turn, probabilistic models demonstrate more complete in-
formation about the possible realization of the target data, and are thus considered to be
a robust tool for the risk management and efficient decision-making in the presence of
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uncertainties (Wan et al., 2013).

Normally, the predictive uncertainty, or the model confidence in a prediction, is quantified
in the form of prediction intervals (PIs), temporal scenarios, probability density functions,
or quantile estimates that allow assessing the uncertainty in the forecasts (Hyndman and
Athanasopoulos, 2018). Often, the quantification is calculated in relation to a predictive
mean using an absolute or relative error, or in terms of standard deviation. For instance,
if the normal probability distribution of a data generating process is known or estimated,
the confidence of the model prediction can be given by± one standard deviation from the
predicted mean. That means that this prediction region will likely cover the true value in
about 68% of cases because of the prediction error. An accurate quantification of these
uncertainty probabilities (i.e., likelihood of an event to happen) enables to make critical
decisions more reliably. Intuitively, the definition of the predictive uncertainty is defined
as follows:

Definition 4.1 (Predictive uncertainty)
Predictive uncertainty is a diversity of possible outcomes with some degree of confi-
dence about the region where the true target value can be found.

The sources of predictive uncertainty are generally categorized into aleatoric (from the
Greek word alea, meaning “rolling a dice”) and epistemic (from the Greek word episteme,
meaning “knowledge”) (Der Kiureghian and Ditlevsen, 2009). The aleatoric uncertainty
comes from an intrinsic randomness (noise) inherent in the data generating process and
is also called data uncertainty or statistical uncertainty. The aleatoric uncertainty is ho-
moscedastic if the uncertainty levels remain constant across all values of target vector
for all input data and heteroscedastic if the variability across the target vector values is
time-dependent under the same conditions. The epistemic uncertainty originates from
model misspecification that is caused by the parameter estimates, model structure, or out-
of-distribution test data (Hyndman and Athanasopoulos, 2018), hence often called model
uncertainty or systematic uncertainty. This uncertainty can be reduced by gathering more
data or by refining models, while the aleatoric uncertainty is generally considered irre-
ducible4. These uncertainties are also formalized as probability distributions over either
the model outputs or the model parameters, respectively (Kendall and Gal, 2017).

The time series forecast problems are generally categorized into univariate (De Gooijer
and Hyndman, 2006) if a single forecast variable is derived using a univariate forecast-
ing function, and multivariate (Chakraborty et al., 1992) when a collection of variables
is forecasted simultaneously. The models that are designed to produce multivariate fore-
casts are referred to as local, global, and multivariate. The local models are univariate
models that are trained using solely temporal (i.e., observed over a time period) data de-
pendences of a single series assuming (conditional) independence of the time series in

4In some cases, aleatoric uncertainty can be decreased through an improvement in measurement pre-
cision (Gal, 2016). Aleatoric uncertainty can also be transformed into epistemic uncertainty, e.g., when
augmenting the model with a new type of inputs.
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high-dimensional settings. The global models are also univariate models that apply cross-
learning techniques to take advantage of the common and unrelated5 patterns between the
series (Semenoglou et al., 2021). Instead of training the models in a series-by-series fash-
ion, this technique trains a single model on multiple series to jointly learn the model pa-
rameters and accurately predict the individual univariate probability distributions (Makri-
dakis et al., 2020). As a result, cross-learning reduces the computational time (Hong et al.,
2020), achieves superior results over purely local models even with simple architectures
(Semenoglou et al., 2021), and enriches the machine learning models with necessary data
volume to prevent over-fitting (Hong et al., 2020). Many of the global techniques were
introduced in the M4 competition6 (Makridakis et al., 2018) and extensively used in the
M5 competition (Makridakis et al., 2020). In particular, machine learning methods such
as Light Gradient Boosting Machine and deep learning (DL) models as autoregressive
recurrent network (DeepAR) are examples of successful application of the cross-learning
approach (Makridakis et al., 2020). Finally, multivariate probabilistic models learn inter-
dependent and dependent relationships in a group of multivariable processes and produce
multivariate distribution. For instance, many examples of spatiotemporal, hierarchical,
and cross-lagged dependences exist in the electric power system context; e.g., a temporal
pattern can be distinguished between successive lead times of the electricity market price,
the spacial dependences are identified in the output of renewable generation (e.g., solar
radiation, wind speed) between power plant locations, and the weather parameters have
the lagged effect on customer load profile. Furthermore, multiperiod decision problems
should capture the temporal dependence of forecast errors (Bessa et al., 2014). The added
value of the cross series dependences in terms of better accuracy and optimality of deci-
sions is highlighted in several works in the field of energy forecasting (Golestaneh et al.,
2016; Toubeau et al., 2018; Lenzi et al., 2018).

4.1.2 Literature review

The field of energy forecasting is rapidly developing under conditions of higher data avail-
ability, an increase in computational capabilities, and a demand for automated decision-
making with uncertainty estimates (Sweeney et al., 2020). In the following, a literature
review of probabilistic energy forecasting models is provided with a special attention to
DL-based forecasting methods.

Forecasting methods

The methods in the field of probabilistic energy forecasting are categorized into physical,
mathematical, intelligent, and a hybrid of these approaches (Ahmed and Khalid, 2019).
A common axiom is that a combination of even simple forecasts methods improves their

5Montero-Manso and Hyndman (2021) demonstrated that the globality approach can be beneficial even
for unrelated data generating processes.

6M competition is a series of time series forecasting competitions organized since 1982 (Makridakis
et al., 1982).
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quality compared with an isolated method application (Petropoulos et al., 2021). The
physical methods produce forecast scenarios that are based on ensembles of numerical
weather prediction models of the atmospheric dynamics (Bauer et al., 2015) but typically
come with a high cost and have thus limited applicability (Ahmed and Khalid, 2019). The
mathematical methods consist of statistical and probabilistic models, including parametric
models, such as the multivariate generalized autoregressive conditional heteroscedastic-
ity (GARCH) model (Bauwens et al., 2006), and nonparametric approaches, such as the
Gaussian processes (Roberts et al., 2013), quantile regression, Kernel density estimation,
and ensemble methods (Ahmed and Khalid, 2019). The main drawbacks of the mathemat-
ical methods are related to their inability to capture long-term and nonlinear relationships
between time steps and between multivariate signals, and a high computational cost and
model capacity that can increase significantly over the larger window size and the number
of time series (Lai et al., 2018). The intelligent methods are dominated with machine
learning models derived from a variety of artificial neural network architectures. Further-
more, Ahmed and Khalid (2019) highlight that the intelligent methods show their superior
accuracy in the short-term forecasting.

Recently, DL-based sequence models have received a lot of attention in the field of time
series forecasting considering their success in natural language processing (Goodfellow
et al., 2016). Following the universal approximation theorem, the intelligence of the DL
models for the regression problem comes from a large quantity of nested mathematical op-
erations of matrix multiplication and nonlinear transformation that enable to approximate
any continuous function given the appropriate parameter weights (Hornik, 1991). There-
fore, the advantage of the DL models is found in resolving the nonlinearity and scalability
issues of the mathematical methods, their superior predictive accuracy, and automation of
forecasting pipelines (Faloutsos et al., 2018; Petropoulos et al., 2021), whereas their dis-
advantage is in the lack of physical interpretability that labels them as “black-box” models
and arouse mistrust by the industry. However, the high computing power, a wealth of col-
lected data (Hong et al., 2020), and progress in DL explainability and interpretability
(Lim and Zohren, 2021) suggest a promising future for the application of such methods
in probabilistic energy forecasting. Furthermore, the advantage of the DL frameworks
lies in the integration of highly-tuned optimization algorithms together with the availabil-
ity of auto gradient computation that automates the estimation of the network parameters
and thereby reduces the time from a model idea to experimental evaluation (Petropoulos
et al., 2021) but such closed-loop optimization is time consuming and computationally
intensive.

Deep learning

Univariate time series forecasts with DL models is a well-researched area. The most
common families of DL models are feed-forward neural networks (FFNNs) (Svozil et al.,
1997), convolutional neural networks (CNNs) (LeCun et al., 1995), and recurrent neu-
ral networks (RNNs) (Rumelhart et al., 1986)7. In addition, the long short-term memory

7Short summaries of their mathematical formulation can be found in a supplementary material of (Lago
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(LSTM) and gated recurrent unit models are advances of traditional RNNs that suffer
from the vanishing gradient problem when forecasting long-range dependences. Another
remedy for this problem is an attention mechanism (Bahdanau et al., 2014) that enables a
model to focus on relevant subsets of its inputs to predict the target series without explic-
itly hard-coding these subsets. More recent alternatives of the attention mechanism are
skip connections (Lai et al., 2018) and residual blocks (Chen et al., 2020). Furthermore,
CNNs models are found to excel the more traditional RNNs-based solutions in memoriz-
ing short- and long-term invariant patterns and as a basis for the attention mechanism. In
addition, deep generative models that learn a generative process of the data are gaining
interest in probabilistic time series forecasting, e.g., such classes as conditional Gener-
ative Adversarial Networks (Goodfellow et al., 2020; Koochali et al., 2021), Variational
Auto Encoders (Kingma and Welling, 2013), Deep Belief Network (Wang et al., 2016),
and Normalizing Flows (Dumas et al., 2021).

In recent years, a number of multivariate and global probabilistic forecasting models
based on DL have been proposed; e.g., (Lai et al., 2018; Salinas et al., 2020; Huang
et al., 2019; Salinas et al., 2019; Chen et al., 2020). Among the trends in these models, a
combination of several DL-based family models is common to leverage and join strengths
of individual model architectures. Furthermore, the results of the latest M competitions
(e.g., the winning model of the M4 competition (Smyl, 2020)) suggest a high potential
of combining statistical and DL forecast models (Makridakis et al., 2018). For instance,
global DL methods are commonly used together with statistical autoregressive methods
to improve the accuracy by scale consideration. Overall, the results demonstrated by the
advanced DL models in the M competition motivate further research in this direction
(Makridakis et al., 2020). In particular, much work remains to obtain a better understand-
ing about their performance also in the electric power system context.

Deep-learning-based uncertainty modeling

Obtaining good uncertainty estimates with DL models has become the state-of-the-art
problem (Petropoulos et al., 2021). The uncertainty modeling methods in DL can be
divided into the following major categories: Bayesian neural networks, deep ensembles,
and quality-driven loss functions.

In Bayesian neural networks, the weights of each layer form a probability distribution over
possible values instead of a single value used in the standard network models (MacKay,
1992, 1995). The predictive uncertainty is estimated by Bayesian inference using Bayes’
rule, i.e., learning a posterior probability distribution over model weights, given the train-
ing data. However, as exact Bayesian inference is intractable in many cases because of
the large number of parameters, variational approximation methods (Graves, 2011), in-
cluding their sampling (Carlo, 2004) and stochastic (Hoffman et al., 2013) based variants,
are applied. The caveats of the existing Bayesian techniques are in the lack of scalabil-
ity to large dataset and network sizes (Hernández-Lobato and Adams, 2015), a require-

et al., 2018), while for more details the reader is referred to Goodfellow et al. (2016).
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ment for significant modifications to the training procedure, and prohibitive computational
costs compared with standard (non-Bayesian) neural networks (Lakshminarayanan et al.,
2017). Recently, the Monte Carlo dropout (MCD) procedure was introduced by Gal and
Ghahramani (2016) as a variational approximation to the Bayesian posterior. Normally,
the dropout is a stochastic regularization technique that is widely used to avoid overfitting
in DL networks during the training by randomly dropping a fraction of the neuron con-
nections (Srivastava et al., 2014). However, repetitively applying the dropout to the model
weights and passing the same given input through the network during the number of test-
ing cycles provides empirical samples that form an approximate predictive distribution
(Gal, 2016). It is then possible to derive predictive mean and variance of this distribution.
Importantly, the MCD requires neither changing the models nor optimization, enables to
capture homoscedastic model (epistemic) uncertainty, and leads to no increase in the com-
putation time. Gal and Ghahramani (2016) proved that the application of dropout before
every weight layer in a neural network can be interpreted as a Bayesian approximation of
a probabilistic Gaussian process (Williams and Rasmussen, 1996).

Deep ensembles are an alternative to Bayesian methods that have demonstrated their su-
periority in the uncertainty estimation of a variety of datasets and forecasting tasks (Lak-
shminarayanan et al., 2017). The concept of the deep ensembles is to retrain the network
of the same architecture many times with different initialization parameters and average
their individual distributions to a joint normal distribution. The classes of the ensem-
bles are divided into randomization approaches where the models are trained in parallel
and boosting approaches that fit the models sequentially (Lakshminarayanan et al., 2017).
Averaging the predictions over the ensemble of models captures the model uncertainty
(Lakshminarayanan et al., 2017). Interestingly, the MCD can be interpreted as an en-
semble model combination or model averaging (Srivastava et al., 2014). The randomness
inherent in the different initializations and in the training process provides a distribution
of diverse functions and thereby a more powerful model compared with the MCD and
alternative Bayesian approaches that yield a redundant distribution of similar functions
(Fort et al., 2019). In addition, the ensembles support large-scale distributed computation
and a variety of DL architectures (Lakshminarayanan et al., 2017).

The quality-driven methods are non-Bayesian approaches that transform the deterministic
loss function of the DL models into a specific probabilistic quality metric to improve the
estimation of the predictive uncertainty. Many works employ a nonparametric framework
with a pinball loss function of classic quantile regression (Koenker and Hallock, 2001)
to DL models and estimate predictive density with multi-quantile regression (MQR) of a
given target variable (Wen et al., 2017; Tagasovska and Lopez-Paz, 2018; Rodrigues and
Pereira, 2020). A collection of quantiles achieves a competitive performance by adding
up a regularization effect and extra information at a negligible computational overhead
without the need for ensembling or retraining deep models (Tagasovska and Lopez-Paz,
2018; Rodrigues and Pereira, 2020). The joint quantiles enable to estimate the aleatoric
uncertainty and alleviate the problem of crossing quantiles (Tagasovska and Lopez-Paz,
2018). Similarly, the loss function of the DL models is adjusted to a minimization of PI-
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based cost functions for the estimation of predictive uncertainty by PI. Such an approach
originated with the lower upper bound estimation of the PI boundaries (Khosravi et al.,
2010) that accounted for data uncertainty. Recently, this approach was extended by ag-
gregating ensembled PIs from a set of neural networks to capture the model uncertainty
(Pearce et al., 2018). An alternative parametric approach to obtain the predictive uncer-
tainty for a standard neural network is to replace a minimization of the mean squared
error loss function by regularized maximum likelihood estimation (MLE). In that case, the
distribution can be represented by a mean variance estimator (Nix and Weigend, 1994) or
mixture density network (MDN) (Bishop, 1994). Furthermore, the likelihood maximiza-
tion of the predicted distribution to the true distribution given the observed data enables to
capture the aleatoric uncertainties in the target. Finally, post-hoc residual simulation that
consists of computing sample quantiles of the empirical distribution of model residuals
(Carol, 2009) is one of the accessible alternatives even for the deterministic models.

4.1.3 Research gaps and contribution

The broad definition of energy forecasting covers the forecasting produced for the needs
of energy industry, while the more narrow definition focuses on forecasting kWh usage
(Hong et al., 2020). The major areas of probabilistic energy forecasting include load
(Hong and Fan, 2016), solar PV production (Van der Meer et al., 2018), wind power gen-
eration (Zhang et al., 2014), and electricity price (Nowotarski and Weron, 2018). How-
ever, the diversification of energy forecasting subjects is increased by transferring the
knowledge to new application domains, such as wave energy, reactive power, demand re-
sponse capacity, and net load (Hong et al., 2020). While probabilistic forecasting in the
major areas is extensively studied from many perspectives, forecasting in the new appli-
cation areas is in its infancy, which opens opportunities for further research. For instance,
studies in probabilistic net load8 forecasting have so far focused on the aggregated scale
that leverages the smoothing effect of many stochastic factors like cloud movement and
customer electricity use by applying Bayesian deep learning (Sun et al., 2019) or have
performed nonrepresentative evaluation with only a few customers (van der Meer et al.,
2018) using Gaussian processes. Furthermore, a comprehensive machine-learning-based
forecasting of the average and marginal (i.e., caused by added demand) carbon intensity
with uncertainty estimates was carried out in (Leerbeck et al., 2020); yet, it requires a sig-
nificant amount of weather and power grid data that might be unavailable in some cases.
Finally, another unexplored area is forecasting the amount of reserve activation by a BESS
under the provision of a frequency control service. Some studies assume it impossible to
forecast the amount of frequency deviation in a day-ahead period (Divshali and Evens,
2020), and hence, the amount of energy activation by a BESS with respect to the grid
frequency. To the best of the author’s knowledge, only Kilkki et al. (2018) and Toubeau
et al. (2021) have considered the effect of grid frequency deviations on the amount of
activated reserves through chance constraints on a BESS’s state-of-charge.

8Net load refers to the total sum of demand and production at a fixed location (Sun et al., 2019).
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Furthermore, the field of multivariate probabilistic forecasting with global DL models is
rapidly progressing in the computer science community owing to a large interest in retail
business (Makridakis et al., 2020). However, the application of such models in energy
forecasting is rare because the literature is saturated with empirical evaluations of DL-
based univariate deterministic cases (Wang et al., 2019) or statistical and physical models
(Van der Meer et al., 2018). However, there is an increasing interest in applying proba-
bilistic DL models to multivariate energy forecasting applications to capture spatiotempo-
ral information and provide uncertainty estimation for decision-making risk assessment
(Toubeau et al., 2018). A potential application area of global DL-based models includes
cost-efficient market bidding and operating reserve procurement and detecting network
congestion that are of interest for electricity market participants and power system opera-
tors (Bessa et al., 2017). Most of the DL architectures extract spatiotemporal correlations
of renewables with a combination of LSTM and CNN networks (Zhu et al., 2019; Zang
et al., 2020) but provide deterministic predictions. Probabilistic spatiotemporal forecast-
ing is rare and mostly applied to wind power, e.g., by using quantile regression (Zhang
et al., 2020) and variational Bayesian inference (Liu et al., 2020). Although various global
DL models have emerged in recent years in the computer science community, no system-
atic evaluation of the applicability or suitability of these models to address the multivariate
energy forecasting problem has been carried out to date.

The literature review conducted here suggests that there are research gaps in (i) knowl-
edge transfer of probabilistic forecasting methods to new application domains of energy
forecasting and (ii) adoption of novel uncertainty-aware global deep learning models to
multivariate energy forecasting problems. The research in this dissertation addresses the
gaps listed above by

i. Extending the energy forecasting field with a novel application domain of a short-term
probabilistic forecasting of reserve activation parameters of a BESS under provision of
a fast frequency control service. The value of this application for flexibility providers
is in the extra knowledge about the amount of operating expenses and the risk of re-
source unavailability during the service delivery for the potential reward of reserve
market bidding at the day-ahead stage. In particular, a comparative empirical eval-
uation of BESS reserve energy activation forecasts is carried out under droop curve
parameters set for fast frequency control services by the regulatory rules in Great
Britain, Germany, and Finland. Moreover, multiple quantile-regression-based statis-
tical, machine learning, and DL models are evaluated for uncertainty estimation in
comparison with the proposed probabilistic configuration of an attention-based DL
model that captures both aleatoric and epistemic uncertainty. In addition, multiple
BESS response parameters are considered, such as total, upward, and downward en-
ergy activation as well as maximum power deviation. Generally, this research opens a
field of BESS response forecasting as a function of its service provision; e.g., forecast
error compensation of renewables (Jeong and Kim, 2021) is one of the services where
such an approach has been applied.
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ii. Carrying out a comprehensive quantitative evaluation of novel global DL models in
multivariate probabilistic energy forecasting. In particular, multiple models are as-
sessed for multihorizon forecast accuracy and uncertainty estimation for the electric-
ity load and price, and wind and solar generation at the levels of individual customer,
regional, and national power system. Two real-world datasets are applied that contain
high-dimensional time series with hourly resolution. Furthermore, the model sensi-
tivity to fieldwise dataset split and datetime exogenous variables as well as run-time
efficiency are assessed. Furthermore, the effect of diverse probability distributions
on the predictive capability of global DL models with MLE is investigated for prob-
abilistic forecasting of residential net load, BESS reserve activation parameters, and
average carbon intensity on a subhourly temporal resolution. Overall, the results of
this work can serve as a reference point for DL-based probabilistic multivariate energy
forecasting at various power system levels.

Therefore, the novelty of this research can be summarized as follows:

i. A novel application of probabilistic energy forecasting to the subject of BESS re-
serve activation parameters under provision of a fast frequency control service.

ii. Quantitative findings that show the predictive capability of DL, machine learning,
statistical, and nonparametric methods for short-term probabilistic forecasting of
BESS reserve activation parameters in different regulatory requirements.

iii. Quantitative findings demonstrating the predictive capability and run-time efficiency
of global DL models for short-term probabilistic multivariate energy forecasting of
wind and solar generation, as well as electricity load and price at the levels of indi-
vidual customer and regional and national power systems.

iv. Quantitative findings that show the effect of diverse probability distributions on the
predictive capability of global DL models with MLE for short-term probabilistic en-
ergy forecasting of individual net load, average carbon intensity, and BESS reserve
activation parameters.

4.2 Methodology

This section describes the research methodology of a quantitative data analysis of prob-
abilistic forecasting methods summarized in Figure 4.1, including the research data and
methods, case studies, and evaluation experiments. The analysis is performed using back-
testing modeling, i.e., retrospective testing of ex-ante forecasts of a predictive model on
historical data. The data are acquired for different case studies including raw and derived
data from real-world historical measurements. The out-of-sampling method (Cerqueira
et al., 2020) is used for the performance estimation of the time series forecasting. Es-
sentially, this method preserves the temporal order of observations by revealing the first
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subsection of data for training and holding out the last (unseen) part of the time series for
testing9. The results are partly evaluated with numerical metric assessment and statistical
hypothesis testing.

Data collection Data preparation

Model training

Model testing Model evaluation

Hyperparameter

optimization

Figure 4.1: Research methodology for the performance estimation of probabilistic energy time
series forecasting.

4.2.1 Research methods

The research methods applied in the study include probabilistic DL models, the hyper-
parameter optimization (HPO) approach, and benchmark models.

Models

The variational multi-attention recurrent neural network (MARNN) model is a univariate
probabilistic model introduced in Publication I. The architecture of the model (see Algo-
rithm A.3 in Appendix A) is based on RNN with gated recurrent unit cells and employs a
multihead attention mechanism to memorize the long series. The probabilistic forecasts
are produced with a combination of Bayesian variational approximation and MLE that
are implemented with MCD and MDNs applying the Gaussian mixture models (GMMs)
(McLachlan and Basford, 1988) according to Algorithm A.4 in Appendix A, enabling
to simultaneously capture the epistemic model uncertainty and aleatoric uncertainty of a
data generating process. Some global DL models, including DeepAR, long- and short-
term time series network (LSTNet), deep temporal convolutional network (DeepTCN),
and dual self-attention network (DSANet), for multivariate probabilistic forecasting are
described in general in Publication IV, and mathematical formulations are given in their
original publications (Lai et al., 2018; Huang et al., 2019; Salinas et al., 2020; Chen et al.,
2020). LSTNet combines multiple families of models, including CNNs to discover the
local dependence patterns among multidimensional input variables, RNNs to capture long
patterns, and RNN-skip or attention layers to recognize the very long-term periodic pat-
terns of time series. DSANet merges global and local temporal convolutions to capture
the complex mixtures of global and local temporal representations of univariate series
and a self-attention module to identify cross-series dependences. In parallel to the nonlin-
ear neural network transformation, an autoregressive linear model is applied in both the

9Note that the training set can include a validation set to estimate the model performance during the
training. The training can proceed by using an extending window of data or in a sliding window fashion.
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LSTNet and DSANet models. The probabilistic forecasts in these models are obtained
through a Bayesian variational approximation with the MCD. The global DeepAR model
represents the autoregressive-based RNN network with LSTM cells that learns the statis-
tical properties of the data by MLE conditioned on past observations and covariates that
can be item- and time-dependent. Finally, the DeepTCN model employs a dilated causal
CNN to capture the temporal dependences of multiple related time series and a residual
block to learn the complex patterns within and across series from past observations and
exogenous covariates. Here, the uncertainty estimation of DeepTCN is acquired using the
quality loss approach with MQR but MLE is also possible by the model configuration.

Hyperparameter optimization

The performance of DL models is highly influenced by hyperparameters that are set be-
fore the learning process begins10 and define the model architecture and learning proper-
ties. The main logic behind the HPO or tuning is to find the hyperparameters of the neural
network model that give the lowest score on the objective loss function. The search can
be carried out manually or automatically. The advantages of automated HPO tuning in
comparison with manual search effort are the reduced time to apply the model required
from the model engineer and a fair comparison between the models prior to their perfor-
mance evaluation (Feurer and Hutter, 2019). However, some HPO methods (e.g., grid and
random search) are extremely expensive in terms of computation cost and time because
they use an extensive trial and error approach. Therefore, the state-of-the-art optimization
methods based on Bayesian reasoning are becoming more popular (Bergstra and Bengio,
2012).

In this study, the automatic HPO-based on sequential Bayesian optimization is solved
with a tree-structured parzen estimator (Bergstra et al., 2011). The details of this HPO
are given by the author in (Mashlakov et al., 2019a). In short, the tuning process rep-
resents a closed-loop simulation between the model of a neural network and a Bayesian
optimizer. The network model is repeatedly built, trained, and evaluated using a set of
hyperparameters that the optimizer iteratively selects from a search space. The selection
criterion is implemented by maximizing expected improvement; i.e., the optimizer aims
to focus on the hyperparameters from the part of their probability distribution (surrogate
model) where the score of the objective function tends to be lower. This iterative process
is repeated until the maximum number of estimations is reached. The automatic hyperpa-
rameter optimization of the global DL models is built with a Hyperopt library (Bergstra
et al., 2013), while for the variational MARNN model this library is wrapped by a Hyperas
package (Pumperla, 2017).

Benchmarks

Solid benchmarking is a necessary component of basic forecast evaluation. The estab-
lished models include persistence, autoregressive models, and simple neural networks

10In contrast to the model parameters (e.g., weights) that are derived during the learning process.
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(Croonenbroeck and Stadtmann, 2019). In this study, several quantile regression models
are adopted that estimate the predictive distribution through conditional quantiles, includ-
ing linear quantile regression (LQR) (Koenker and Bassett Jr, 1978), quantile regression
forests (QRF) (Meinshausen, 2006), quantile gradient boosting (QGB) (Zheng, 2010),
and quantile regression neural network (QRNN) (Taylor, 2000). The LQR model is im-
plemented with the QuantReg function of the statsmodel package (Seabold and Perktold,
2010). The QRF and QGB models are created using single-leaf Random Forest and Gradi-
ent Boosting Regressors from the scikit-learn library (Pedregosa et al., 2011). The QRNN
is developed with a Keras library using a sequential model architecture. The implemen-
tation of the benchmark models is heavily inspired by the code from (Ghenis, 2019).
Furthermore, a number of trivial persistence benchmark methods are used denoted by
Naïve-1 and Naïve-2 and formally described in Algorithms A.1 and A.2 in Appendix A.
The models leverage seasonality of the data by assuming that the conditional mean fore-
cast is offset by a specific time interval from the actual data. In fact, the Naïve-1 model
relies on daily seasonality, i.e., the prediction for tomorrow is the same as of today, while
Naïve-2 considers the day of the week to determine the offset. The forecast uncertainty
of the naïve models is obtained by using a historical (post-hoc) simulation that consists
of computing sample quantiles of the empirical normal distribution of a weekly rolling
window of the model’s forecast residuals (Carol, 2009). In addition, a deep FFNN model
from the GluonTS framework (Alexandrov et al., 2020) with MLE is used as a simple
global model for cross-learning forecasting. The probabilistic forecasts are obtained by
sampling the quantiles of the predictive distribution. Finally, a single-step multivariate
model consisting of a combination of dynamic conditional-correlation (DCC) GARCH
model (Ghalanos, 2012), multivariate random sampling, and quantile function is applied
by using Algorithm A.5 in Appendix A to produce the quantile forecasts that are condi-
tioned on the dynamic prediction of conditional mean and time-varying covariance matrix
between the forecast time horizons.

4.2.2 Research data

The datasets used in the study are described in Table 4.1. Electricity (EL) dataset
(Lai et al., 2017) contains electricity consumption of either residential and industrial Por-
tugese consumers modified to hourly intervals in (Lai et al., 2018). The Open power
system (OPS) dataset (Mashlakov, 2021) includes the hourly electricity consumption,
market prices, and renewable (wind and solar) power generation time series belonging
to the aggregated level of European market bidding zones. These time series were ex-
tracted from open power system modeling platform (Wiese et al., 2019) and preprocessed
by removing the capacity, forecast, and profile series from the initial data, as well as the
series whose percentage of missing values exceeds 5%. The Carbon intensity (CI)
dataset represents the average half-hourly carbon dioxide emissions generated by electric-
ity production in Great Britain during the year 2019 (ESO, 2020b). The households’ net
demand (electricity demand minus solar PV production) data were collected from a real-
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life smart grid pilot project (CLNR, 2015) in the northeast of Great Britain and gathered in
the prosumer net load (PNL) dataset. The initial net load data were preprocessed by
removing those time series where the amount of missing values accounted for 6%, while
the missing values in the remaining series were replaced by minute average values of the
corresponding series. Furthermore, these data were resampled from one-minute values to
half-hourly resolution of the United Kingdom electricity tariffs as mean values.

Table 4.1: Details of the datasets. Granularity: individual customer (IC), bidding zone (BZ),
synchronous zone (SZ); Category: electricity consumption (C), electricity demand (D), renewable
energy (RE), market price (MP), net demand (ND), carbon intensity (CI), reserve activation (RA);
Geo-location: Great Britain (GB), Portugal (PT), Finland (FI), European Union (EU), Germany
(DE).

Parameter
Dataset

EL OPS EFR-I FCR-N PFC PNL CI EFR-II
No targets 321 183 1 1 1 150 1 4
Length 26,304 25,560 35,064 35,064 35,064 16,416 17,520 17,520
Domain R+ R R R R R R+ R
Granularity IC BZ SZ SZ SZ IC SZ SZ
Category C D, RE,

MP
RA RA RA ND CI RA

Resolution h h h h h 1/2h 1/2h 1/2h
Geo-location PT EU GB FI DE GB GB GB
Processing Raw Modified Created Created Created Modified Raw Created
SI units kWh MW,

e(£)/
MWh

kWh kWh kWh kW gCO2/
kWh

kW,
kWh

Years 20YY 12–14 15–17 15–18 15–18 15–18 12–14 19 19

Multiple datasets were derived by simulating the BESS reserve activation response to
a frequency deviation in terms of its energy deviation per time interval. The enhanced
frequency response (EFR)-I, primary frequency control (PFC), and FCR-N da-
tasets were created based on real frequency measurements from Continental Europe (RTE
France, 2019), Northern Europe (Fingrid, 2019), and Great Britain (ESO, 2019) European
synchronous areas and the corresponding droop-curve characteristics of the EFR-Wide,
PFC, and FCR-N services in Great Britain, Germany, and Finland, respectively (see Ta-
ble 4.2). The original frequency measurements from the period 2015–2018 were resam-
pled through linear interpolation to one-second resolution and then fed into the BESS
model (with 1C rate and 98.5% round efficiency) to simulate its continuous power re-
sponse without delay. Finally, the power measurements were summed up to hourly en-
ergy changes, converted into state-of-charge, and differenced between the consecutive
time steps to avoid random walk properties in the data. The final version of the dataset
was enriched with endogenous11 features by applying shifting and difference procedures
at the correlated time steps. Similarly, the EFR-II dataset was produced by using a simu-

11Here and in what follows, an endogenous variable is a variable whose values are determined by the
target data generating process.
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lation of the EFR-Wide service based on the frequency measurements taken from the year
2019 (ESO, 2020a) and the corresponding service envelope rules (ESO, 2016; Greenwood
et al., 2017). Nevertheless, the dataset differs with the previous one by the type of derived
variable, including a sum of the up and down reserve activation energy and maximum
power of the BESS per half-hourly metering period.

Table 4.2: Full activation frequency deviation and deadband characteristics of the selected fast
frequency control services (Hollinger et al., 2018).

Parameter PFC EFR-Wide FCR-N

Full activation frequency deviation ±200 mHz ±500 mHz ±100 mHz

Deadband ±10 mHz ±50 mHz ±50 mHz

4.2.3 Evaluation experiments

A goodness of forecast is divided by Murphy (1993) into three aspects: (i) consistency,
(ii) quality, and (iii) value. The experiments in the model validation metric are focused
on the forecast quality; i.e., how forecasts of a given mathematical model correspond to
the actual observations.

a. Model validation metric

The point and probabilistic forecasts of the case studies are assessed with a combination of
numerical metrics and statistical tests. The assessment focuses on the predictive accuracy
(i.e., correct forecasting) of the conditional mean of the target series per horizon and pre-
dictive uncertainty from the point of its sharpness and reliability (Gneiting et al., 2007).
The reliability (also called calibration or unbiasedness) jointly estimates the mismatch
between the empirical (observed) and expected (nominal) coverage rate of a prediction
region12, whereas the sharpness measures the concentration of the prediction region and
is a property of the forecasts only. A summary of the evaluation metrics is presented in
Table 4.3.

Table 4.3: Summary of the evaluation metrics.

Criteria Predictive accuracy
Predictive uncertainty

Reliability Sharpness Both
Numerical metric ND NRMSE ACE wQL PINAW CWC
Statistical test Diebold–Mariano Christoffersen,

Kupiec
Diebold–Mariano – –

The quality of predictive accuracy is estimated based on the forecast error, i.e., the de-
viation between the actual observation and the prediction of the conditional mean. The

12Proportion of times that the region contains the realizations from a random variable of interest.
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evaluation metrics include symmetric absolute and quadratic loss functions, namely nor-
malized deviation (ND)13 and normalized root mean square error (NRMSE). The latter is
more sensitive to a large forecast error than the smaller ones, while the former penalizes
the errors proportionally to their amplitude.

Let I := {1, . . . , ni} denote the index set of time series in the testing multivariate set of
actual target time series Y := {yi}i∈I and the corresponding set of time series predictions
Ŷ := {ŷi}i∈I14. In the datasets, each time series is represented by nt-dimensional vectors
yi := {yi,t}t∈T ∈ Rnt and ŷi := {ŷi,t}t∈T ∈ Rnt with values indexed by a set of time
steps T := {1, . . . , nt}. For the given datasets, the predictive accuracy metric is defined
as follows:

ND =

∑
i,t |yi,t − ŷi,t|∑

i,t |yi,t|
, (4.1a)

NRMSE =

√
1

ni·nt
∑

i,t(yi,t − ŷi,t)2

1
ni·nt

∑
i,t |yi,t|

, (4.1b)

where yi,t is the true value of the series i ∈ I at the testing time step t ∈ T , ŷi,t is the
corresponding prediction value, and ni · nt ∈ N is the length of the testing out-of-sample
period.

Here, the prediction region for the series i at time t is estimated by a centered PI with lower
and upper bounds [L̂

(τ)
i,t , Û

(τ)
i,t ] described by the predicted quantiles of the target series ŷ(τ)

i,t

at the corresponding quantile levels τ through confidence level α (i.e, τ = α/2, τ =

1− α/2)15. Then, the nominal coverage rate c of such a PI equals P(yi,t ∈ [ŷ
(τ)
i,t , ŷ

(τ)
i,t ]) =

1− α, i.e., the realization of the target value is expected to be within the predicted range
100 · c % of the time. For a one-sided PI specified by an individual quantile level τ ; i.e.,
[−∞, ŷ(τ)

i,t ], the realized value is anticipated to be lower than the predicted quantile ŷ(τ)
i,t

in 100 · τ % of the cases. In this study, the reliability of the empirical prediction interval
coverage probability (PICP) with respect to prediction interval nominal coverage (PINC)
is evaluated using the average coverage error (ACE) metric:

ACE = PICP− PINC, (4.2a)

PICP =
1

ni · nt

∑
i,t

Î
(τ)
i,t , (4.2b)

Î
(τ)
i,t =

{
1, yi,t ∈ [L̂

(τ)
i,t , Û

(τ)
i,t ]→ “hit” the region,

0, yi,t 6∈ [L̂
(τ)
i,t , Û

(τ)
i,t ]→ “miss” the region,

(4.2c)

where Î(τ)
i,t is a “hit and miss” indicator variable. The sharpness of two-sided PIs is ex-

13Also referred to as weighted absolute percentage error.
14Here and in what follows, [̂·] denotes a predicted value or vector.
15Here and in what follows, · and · denote a lower and upper limit of a variable.
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pressed with a prediction interval normalized average width (PINAW)16 metric:

PINAW =
1

ni · nt

∑
i,t

Û
(τ)
i,t − L̂

(τ)
i,t

max[yi]−min[yi]
, (4.3)

whereas the one-sided PIs are assessed with symmetric weighted quantile loss (wQL)17:

wQL = 2

∑
i,t L

(τ)
i,t∑

i,t |yi,t|
, (4.4a)

L(τ)
i,t =

{
τ(yi,t − ŷi,t), if yi,t > ŷi,t
(1− τ)(ŷi,t − yi,t), otherwise.

(4.4b)

where L(τ)
i,t is the quantile loss per time step t of the series i. Furthermore, a joint, but

asymmetric, assessment of the reliability and sharpness criteria is possible with a coverage
width-based criterion (CWC) metric:

CWC = PINAW
(

1 + ν · exp
(
− ψ(PICP− c)

))
, (4.5a)

ν =

{
0, PICP ≥ c
1, PICP < c

, (4.5b)

where ν represents a forecast score used for penalizing if the PI coverage is lower than the
nominal coverage rate c, and ψ is a penalty coefficient set to 10. For all the error metrics,
lower values indicate a better model performance. It is worth noting that postprocessing
procedures such as recalibration methods (Kuleshov et al., 2018) can improve reliability
but at a cost of sharpness (Chung et al., 2020). In addition, other forecast evaluation
metrics are possible, such as the Winkler score for a direct measure of sharpness, and the
continuous ranked probability score for both reliability and sharpness.

In addition, formal statistical tests are recommended (Nowotarski and Weron, 2018) to
verify the statistical consistency and difference in the results of the point and probabilis-
tic forecasts of the models. In particular, the coverage rate of PIs is formally validated
by conditional coverage (CC) tests proposed by Christoffersen (1998) that assess an un-
conditional coverage (UC) and independence hypothesis through likelihood ratio (LR)
evaluation procedures (Jorion, 2001). The unconditional coverage test, initially devel-
oped by Kupiec (1995), validates the null hypothesis H0 : E(c) = E(ρ) that the nominal
coverage rate is equal to the empirical coverage based on the total number of violations
and ignoring the order of the hits and misses:

LRuc = −2 log
{ (1− c)n0(c)n1

(1− ρ)n0(ρ)n1

}
asymp.∼ χ2(1), (4.6)

16Also referred to as normalized mean prediction interval width.
17Note that wQL, similarly to pinball loss, measures calibration and sharpness simultaneously. However,

this metric is considered to unequally favor sharpness over calibration for high-capacity models such as
neural networks (Chung et al., 2020).
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where ρ = n1/(n0+n1) is the empirical coverage defined by the percentage of hits, n0 and
n1 being the number of ones and zeros in the indicator Î(τ)

i,t series. The null hypothesis is
rejected if the actual fraction of PICP violations is statistically different than the nominal
confidence level α. The conditional coverage test is numerically calculated as the sum
of the LR test statistics of UC and an independence test that validates the hypothesis of
equal probabilities of having two consecutive violations and having a violation following
a nonviolation, i.e., an absence of the first-order dependence in the violation sequence:

LRcc = LRuc + LRind asymp.∼ χ2(2), (4.7a)

LRind = −2 log
{ (1− ρ2)n00+n10(ρ2)n01+n11

(1− ρ01)n00ρn01
01 (1− ρ11)n10ρn11

11

}
asymp.∼ χ2(1), (4.7b)

where ρ2 = (n01 +n11)/(n00 +n01 +n10 +n11), nlu is the number of observations with the
value l ∈ {0, 1} followed by u ∈ {0, 1} and ρlu = P(Î

(τ)
i,t = u|Î(τ)

i,t−1 = l). Numerically,
the null hypothesis is accepted if the LR statistic is lower than the critical value of the
corresponding chi-squared distribution (χ2) obtained at a certain statistical significance
p-value, otherwise the hypothesis is rejected.

The statistical difference in the predictive accuracy (ND, NRMSE) and quantile (wQL)
loss functions of the model forecasts is validated with Diebold–Mariano (DM) tests. The
statistic of the tests is deduced from the asymptotically standard normal distribution under
the assumptions of covariance stationarity of loss differential series as follows (Diebold
and Mariano, 2002):

DMA,B =
√
ni · nt

µ(∆A,B)

σ(∆A,B)
, (4.8a)

δA,Bi,t = SAi,t(yi,t, ŷi,t)− SBi,t(yi,t, ŷi,t), ∀i ∈ I, ∀t ∈ T (4.8b)

where SAi,t and SBi,t are the score (or loss) functions of the forecasts produced by models A
and B; δA,Bi,t is the difference between the forecast scores of the pair of models A and B
for the time step t of the series i; ∆A,B := {δA,Bi,t } i∈I,t∈T is the loss differential series of
the pair of models A and B; µ(∆A,B) and σ(∆A,B) are the sample mean and the standard
deviation of ∆A,B. Here, two one-sided DM tests are conducted for the forecast series
of each horizon: (i) a standard test with the null hypothesis H0 : E(∆A,B ) < 0, i.e., the
forecasts of the model B are more accurate (sharp) than those by the model A, and (ii) the
reverse nullHA : E(∆A,B ) ≥ 0, i.e., the forecasts of the modelB are less accurate (sharp)
than those by the model A. The null hypothesis is rejected in favor of the alternative if the
p-value of the test is lower than the significance threshold. Otherwise, the null hypothesis
is accepted.

The CC and UC tests are conducted for 80% PI (i.e., c = 0.8, α = 0.2, τ = 0.1, τ = 0.9),
and the LR statistics are compared with critical values at the 1% and 5% significance
levels. The tests are applied to the last 24 h of the day-ahead forecast separately for each
hour and the univariate time series, while the results of the LR statistics are presented
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as average per dataset. DM tests are conducted jointly per all univariate series in the
multivariate set at the 5% significance levels. In this study, the 0.1 and 0.9 quantiles are
used for the wQL evaluation as it is applied in some of the reference models (Salinas
et al., 2020; Chen et al., 2020).

b. Sensitivity of the model efficiency

An important performance criterion is the run-time efficiency of the DL models that are
significant consumers of electricity and thus produce a significant carbon footprint (Hao,
2019). In this study, numerous comprehensive global DL models are examined from the
viewpoints of run-time efficiency by total simulation time, mean and standard deviation
of the graphics processing unit (GPU) memory, convergence rate, and estimated energy
consumption. The simulation time measures the wall-clock time of dataset preprocessing
and model training and evaluation for all iterations of HPO. The convergence rate is equal
to the average number of epochs required to find the best solution before the early stop-
ping criterion is reached. The energy consumption is estimated as the maximum power
of the peripheral component interconnect express card (300 W) multiplied by the simu-
lation time (h) and the proportion of mean-to-maximum of the maximum GPU memory
(32 GiB).

In addition, the sensitivity to exogenous variables18 and fieldwise split is studied. The for-
mer experiment consisted of removing or adding the calendar and time exogenous vari-
ables from and to the models as the input sequences and then retrieving from the model
validation analysis19. The latter validates the hypothesis that the global DL models can
implicitly extract the interdependence or depencence between the related univariate pro-
cesses in the heterogeneous multivariate dataset (Montero-Manso and Hyndman, 2021).
For instance, in the context of power system operation, the related processes are, e.g., the
total load, generation, and price from the same market bidding area. This experiment is
conducted by splitting the heterogeneous dataset in a fieldwise manner (i.e., related mul-
tivariate groups) and training and validating the models separately on each of the obtained
subsets of data. The results are compared with a case of training the models on a whole
heterogeneous dataset.

4.3 Results

In this section, the case studies are introduced, and the main findings of the studies are
outlined.

18Here and in what follows, an exogenous variable is a variable that affects the target data generating
process but it is determined by the independent variables other than the target data generating process.

19Note that some models are using these variables by default (e.g., DeepAR and DeepTCN models).
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Table 4.4: Summary of the arrangements applied to the time series forecasting in the case stud-
ies. Exogenous variables: calendar (C), time (T), categorical (CT), mean and sum of frequency
derivatives (F); Forecast type: CM (conditional mean), CD (conditional distribution).

Parameter
Case study

Case–A Case–B Case–C
Type of prediction Univariate Multivariate (spa-

tiotemporal)
Multivariate (spa-
tiotemporal), univariate

Target models variational MARNN DeepAR, DeepTCN,
DSANet, LSTNet

DeepAR, FFNN

Uncertainty modeling MCD & MLE MLE, MQR, MCD MLE
MLE distribution GMMs Gaussian Gaussian, Student’s t,

Negative Binomial
Forecast horizon 36 h 3, 6, 12, 24, 36 h 24 h
Parameter tuning Bayesian Bayesian Manual
Forecast type CD (PIs) CM, CD (PIs & quan-

tiles)
CM, CD (PIs & quan-
tiles)

Datasets EFR-I, FCR-N, PFC OPS, EL PNL, CIIX, EFR-II
Exogenous variables F, T C, T, CT –
Endogenous variables n·48 h target shifts

and difference
– –

Benchmark models LQR, QRF, QGB,
QRNN

FFNN, Naïve-1,
Naïve-2

Naïve-1, Naïve-2,
DCC-GARCH (1,1)

Accuracy metric – ND, NRMSE ND, NRMSE
Uncertainty metric ACE, PINAW,

CWC
wQL, ACE wQL, ACE

Statistical tests – DM, UC, CC DM, UC, CC
Out-of-sampling split 50/25/25 60/20/20, 70/15/15 40/60
Number of epochs 100 500 500
Early stopping 20 25 25
Look-back window 48 168 336

4.3.1 Case study

A summary of the case studies is presented in Table 4.4. Case A is concerned with evalu-
ation of the predictive uncertainty of probabilistic forecasting models for day-ahead uni-
variate prediction of the BESS reserve activation energy in a fast frequency control ser-
vice. In that case, the variational MARNN model is compared with multiple statistical
and machine learning benchmarks optimized based on a quantile loss function, including
LQR, QRF, QGB, and QRNN. The performance of the models is investigated on three
datasets (i.e., EFR-I, FCR-N, PFC) having different characteristics of reserve activation
response because of the underlying frequency statistics and requirements of the reserve
service. The forecasts are produced in the form of PIs with multiple confidence levels
that are evaluated in terms of their reliability and sharpness separately and combined with
ACE, PINAW, and CWC metrics, respectively.
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Case B studies predictive accuracy and uncertainty of multivariate forecasts produced
by novel global DL models, including DeepAR, LSTNet, DeepTCN, and DSANet. A
less complex global FFNN model and two naïve models (Naïve-1 and Naïve-2) are ap-
plied as benchmarks in this study. The performance of the models is validated on high-
dimensional OPS and EL datasets for the forecast horizons from 3 h to 36 h ahead. The
predictive accuracy of the models’ forecasts is evaluated with the ND and NRMSE met-
ric, while wQL and ACE are used to estimate the quality of predictive uncertainty. The
statistical significance of equal predictive performance of the models is validated with
the Diebold–Mariano test, while the consistency of the PIs coverage rate is evaluated
with Kupiec UC and Christoffersen CC tests. Furthermore, the run-time efficiency of the
models is estimated on both datasets according to the methodology presented in section
4.2.3, while the sensitivity of the models to exogenous variables and the fieldwise split
experiment are only applied to the OPS dataset.

Finally, Case C investigates the effect of various distributions (i.e., Gaussian, Student’s t,
and Negative Binomial) in the MLE approach on the performance of the global DeepAR
and FFNN models. The benchmarks contain trivial naïve models and a more advanced
statistical model from Algorithm A.5 in Appendix A that is based on the DCC GARCH
model. Importantly, this model has an advantage over the other models because it is
trained per individual series and refitted every 14 days after the start of the testing period
with a moving window of 100 past days. The forecast models are used for 24 h ahead
predictions of variables in the PNL, CIIX, and EFR-II datasets with half-hourly resolution.
The forecast evaluation is carried out similarly as for Case B. The out-of-sampling split
sets conditions to evaluate the out-of-distribution generalization of the model because the
training period covers mostly winter period, while part of the testing periods are within
the previously unseen summer period.

The training of the models is conducted based on the hyperparameters selected as a result
of HPO. In Case A and Case B, the main hyperparameters of the DL models are optimized
with the algorithm of tree-structured parzen estimator during 100 trials as summarized in
Table 4.5, while manual search is used for Case C. Furthermore, two additional parameters
are added to the DSANet model optimization in Case B; the local temporal convolution
size (3, 5, 7) and the hidden dimension size of recurrent layers and convolutional layers
(32, 50) with quantized uniform distribution. In Case A, each of the trials is restricted
to 20 epochs with the early stopping criterion equal to 5. In Case B, the HPO is carried
out on 36 h ahead forecasts with reduced datasets (11% for training and 4% for validation
and testing) and the maximum number of epochs and early stopping criteria equal to 100
and 5. The HPO settings of the benchmark models for Case A are presented in Table 4.6,
while in other cases default hyperparameters of benchmarks are used.
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Table 4.5: Details of the hyperparameter search space for the target models of Case A and Case
B. Distribution: Quantized uniform (Quniform); Logarithmic uniform (Loguniform).

Hyperparameter
Search space Distribution

Case–A Case–B Case–A Case–B
Hidden units 3− 48 (:1) 25, 26, 27, 28 Quniform Quniform

52· [21, 22, 23]
Batch sizea 27, 28, 29, 210, 211 26, 27, 28, 29, 210 Categorical Quniform
Dropout rate 0.0− 0.5 0.1, 0.2, 0.3, 0.4, 0.5 Uniform Quniform
Learning rate 10−4 − 10−2 10−4, 10−3 , 10−2 Loguniform Quniform

5· [10−4, 10−3]
Attention length 2− 14 (:1) – Quniform –
Mixture number 3− 9 (:1) – Quniform –
a The limits are from 24 to 28 for the DSANet model owing to GPU memory issues.

Table 4.6: Details of the hyperparameter search space for benchmark models of Case A. Distribu-
tion: Quantized uniform (Quniform); Logarithmic uniform (Loguniform).

Hyperparameter Search space Distribution
Benchmark model

QRF QGB QRNN
Max depth 10− 110 Quniform – X –
Max leaf nodes 10− 110 Quniform – X –
Min samples split 2− 10 Quniform – X –
Min samples leaf 1− 10 Quniform – X –
Estimators 100− 1000 Quniform X X –
Bootstrap True,False Categorical X – –
Learning rate 1 10−4 − 3 · 10−1 Loguniform – X –
Batch size 27, 28, 29, 210, 211 Categorical – – X
Hidden units 36− 512 Quniform – – X
Learning rate 2 10−4 − 10−2 Loguniform – – X

4.3.2 Research findings

Case A

The results of the evaluation performance (see Table 4.7) suggest that the models have
low systematic generalization to the reserve activation datasets from different regulatory
environments of the fast frequency control service. For instance, the variational MARNN
model provides a reliable coverage of PIs for the EFR-I and PFC datasets (i.e, exceeding
the nominal PICP levels by up to 9.2% and 9.4% because of the large PINAW), but an
underreliable coverage for the highest PIs (i.e., ≥ 50%) of the FCR-N dataset (i.e, failing
to reach the nominal PICP levels by up to 8.7%). In contrast, the empirical PICPs of
the quantile-based benchmark models are very close to the nominal in the PFC (e.g., the
ACEs of LQR, QRF, QGB remain below 0.8%, 3.5%, and 2.3%, respectively) and FCR-N
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(e.g., the ACEs of LQR, QRF, QGB remain below 1.9%, 4.0%, and 1.2%, respectively)
datasets but more significantly underestimated for the EFR-I (e.g., the ACEs of LQR,
QRF, QGB are short by 12.2%, 6.5%, and 12.7%, respectively) dataset. The ACE results
of the QRNN model are slightly worse than the other benchmarks for all the datasets and
less consistent; e.g., 18.8%, 7.3%, and 9.4% for the EFR-I, PFC, and FCR-N datasets,
respectively.

Case B

The results of the DM statistical tests on the EL dataset suggest (Figure 4.2a) that the
forecasts of the simple global FFNN model outperform the others in the ND and NRMSE
metrics with a few exceptions in the cases of the Naïve-1 and DSANet forecasts, whereas
they demonstrate a significantly lower wQL than the forecasts of the global DL models.
In contrast, the results of the DM test for the OPS dataset (Figure 4.2b) indicate that the
forecasts of the global DeepAR model are significantly better than the others in terms
of predictive accuracy and sharpness. The forecasts of the DeepTCN model are ranked
second based on the accuracy metric, but have a comparable wQL with the forecasts of
the FFNN model.
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(b) Open power system dataset

Figure 4.2: Results of the one-sided Diebold–Mariano tests at the 5% significance levels on the
EL (a) and OPS (b) datasets for predictive accuracy (ND and NRMSE) and predictive uncertainty
(wQL) of the 0.1 and 0.9 quantiles per particular (from left to right by diagonal: 3, 6, 12, 24,
and 36 h) horizons. In the binary heat map, a red (blue) square indicates that the forecasts of a
model on the x-axis are significantly better (worse) than the forecasts of a model on the y-axis for a
particular horizon, whereas an absence of a square indicates that the forecasts are not significantly
different for a particular horizon. The lower and upper triangles show the opposite performance
as a result of the standard and complementary hypothesis testing.
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Table 4.7: Performance evaluation of the 36 h ahead PI forecasts with confidence levels from
10% to 95% for (a) EFR-I, (b) PFC, and (c) FCR-N datasets. The table cells are colored with
the green–yellow–red gradient that corresponds to the min–mid–max values in the metric-specific
columns among all datasets. The table cells colored with green demonstrate the lowest values of
the evaluation metric, and thus a better performance, whereas the red cells have high values of the
metric, and thus a worse performance.

(a) EFR-I dataset

E, LQR QRF QGB QRNN Variational MARNN
[%] ACE PINAW CWC ACE PINAW CWC ACE PINAW CWC ACE PINAW CWC ACE PINAW CWC
10 -0.024 0.021 0.049 -0.019 0.022 0.049 -0.029 0.019 0.045 -0.076 0.006 0.019 0.027 0.033 0.033
20 -0.054 0.042 0.115 -0.033 0.045 0.108 -0.055 0.039 0.106 -0.040 0.043 0.108 0.051 0.068 0.068
30 -0.072 0.065 0.200 -0.040 0.070 0.174 -0.076 0.060 0.189 -0.108 0.052 0.206 0.072 0.104 0.104
40 -0.097 0.090 0.327 -0.050 0.096 0.255 -0.092 0.083 0.292 -0.099 0.082 0.304 0.082 0.141 0.141
50 -0.113 0.118 0.484 -0.060 0.126 0.357 -0.111 0.109 0.437 -0.188 0.085 0.642 0.090 0.181 0.181
60 -0.122 0.150 0.658 -0.065 0.161 0.468 -0.123 0.138 0.612 -0.158 0.127 0.744 0.092 0.226 0.226
70 -0.122 0.188 0.821 -0.060 0.203 0.574 -0.127 0.173 0.791 -0.146 0.168 0.894 0.079 0.279 0.279
80 -0.116 0.238 1.000 -0.053 0.258 0.699 -0.114 0.222 0.916 -0.170 0.198 1.284 0.062 0.344 0.344
90 -0.088 0.320 1.084 -0.043 0.345 0.878 -0.091 0.296 1.033 -0.090 0.298 1.033 0.034 0.442 0.442
95 -0.062 0.397 1.137 -0.033 0.423 1.012 -0.065 0.365 1.068 -0.075 0.356 1.109 0.016 0.527 0.527

(b) PFC dataset

E, LQR QRF QGB QRNN Variational MARNN
[%] ACE PINAW CWC ACE PINAW CWC ACE PINAW CWC ACE PINAW CWC ACE PINAW CWC
10 -0.001 0.018 0.036 0.010 0.020 0.020 0.001 0.018 0.018 -0.065 0.007 0.021 0.036 0.024 0.024
20 0.003 0.037 0.037 0.016 0.040 0.040 -0.005 0.035 0.073 -0.073 0.023 0.070 0.062 0.048 0.048
30 0.005 0.056 0.056 0.026 0.060 0.060 -0.006 0.053 0.110 0.027 0.061 0.061 0.076 0.073 0.073
40 0.003 0.078 0.078 0.024 0.083 0.083 -0.010 0.073 0.154 -0.048 0.069 0.181 0.090 0.099 0.099
50 0.003 0.101 0.101 0.031 0.108 0.108 -0.010 0.095 0.199 -0.062 0.085 0.244 0.094 0.127 0.127
60 0.006 0.129 0.129 0.035 0.138 0.138 -0.019 0.119 0.263 0.008 0.130 0.130 0.087 0.158 0.158
70 0.005 0.164 0.164 0.035 0.175 0.175 -0.015 0.151 0.325 0.001 0.163 0.163 0.074 0.195 0.195
80 0.005 0.213 0.213 0.032 0.225 0.225 -0.023 0.191 0.432 0.010 0.218 0.218 0.045 0.241 0.241
90 0.008 0.297 0.297 0.019 0.307 0.307 -0.014 0.259 0.558 0.006 0.291 0.291 0.013 0.309 0.309
95 0.005 0.377 0.377 0.011 0.387 0.387 -0.009 0.332 0.693 0.015 0.408 0.408 -0.002 0.369 0.745

(c) FCR-N dataset

E, LQR QRF QGB QRNN Variational MARNN
[%] ACE PINAW CWC ACE PINAW CWC ACE PINAW CWC ACE PINAW CWC ACE PINAW CWC
10 -0.006 0.011 0.022 0.009 0.011 0.011 0.006 0.010 0.010 -0.041 0.006 0.015 0.012 0.017 0.017
20 -0.011 0.022 0.047 0.020 0.024 0.024 0.008 0.021 0.021 0.032 0.025 0.025 0.017 0.034 0.034
30 -0.015 0.037 0.079 0.034 0.039 0.039 0.012 0.034 0.034 -0.094 0.022 0.079 0.021 0.052 0.052
40 -0.015 0.054 0.118 0.039 0.056 0.056 0.007 0.049 0.049 0.053 0.059 0.059 0.010 0.071 0.071
50 -0.019 0.075 0.167 0.035 0.077 0.077 0.005 0.068 0.068 0.016 0.073 0.073 -0.007 0.091 0.188
60 -0.014 0.102 0.219 0.040 0.103 0.103 0.004 0.091 0.091 0.051 0.108 0.108 -0.025 0.113 0.259
70 -0.010 0.136 0.286 0.032 0.136 0.136 0.002 0.121 0.121 0.015 0.129 0.129 -0.046 0.139 0.359
80 -0.011 0.183 0.386 0.027 0.181 0.181 -0.001 0.163 0.328 -0.025 0.157 0.358 -0.077 0.172 0.544
90 -0.001 0.262 0.527 0.012 0.252 0.252 -0.004 0.231 0.472 -0.011 0.227 0.480 -0.087 0.221 0.750
95 -0.000 0.340 0.340 0.003 0.321 0.321 -0.004 0.296 0.604 -0.020 0.279 0.619 -0.087 0.263 0.893
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The numerical results of the average model accuracy and sharpness of the EL and OPS
datasets (Figure 4.3) follow a common forecast phenomenon that is growing of the metric
values along with the increasing forecast horizon. However, the growth is less notable
in the case of the EL dataset, but significantly (i.e., on average by a scale of 3–4 times)
increases in the dataset for the forecasts of load and price, solar, and wind series groups,
respectively. For instance, the boundary values of the ND and NRMSE metrics of the
FFNN model vary from 6% to 8% and from 56.5% to 76.7% as well as from 3% to
3.9% and from 3% to 4.2% for wQL10 and wQL90 metric. In comparison, the best-
performing model for the OPS dataset (i.e., DeepAR) has the following metrics: from
2.6% to 8.9% and from 7.2% to 27.3% for ND and NRMSE, as well as from 1.2% to 3.8%
and from 1.3% to 5.2% for wQL10 and wQL90. Furthermore, the comprehensive global
DL models (i.e., DeepAR and DeepTCN) demonstrate superior accuracy and sharpness
for forecasts of wind and solar renewable generation series over the benchmark models
especially during intra-day forecast horizons (Figures 4.3e,f). However, the more simple
FFNN with the cross-learning technique provides even a slightly better forecast for price
and competitive forecasts for load series. Finally, the increase in the granularity level
in the load series of EL dataset enlarges the NRMSE values because of the lack of the
smoothing effect of individual consumption peaks (Figures 4.3a,c).

The numerical results of empirical coverage for the one-sided prediction intervals of the
0.1 (QL10) and 0.9 (QL90) quantiles (Figure 4.4) show that the naïve benchmarks have
the lowest ACE among all the models (≤1.6% for EL and ≤1.8% OPS datasets), but
DeepAR, FFNN, and DeepTCN follow close by. For comparison, the maximum ACE
of these models for the EL dataset are 6.1%, 3.9%, and 4.5%, respectively, whereas for
the whole OPS dataset these values are 5.8%, 7%, and 8.6%, respectively. The quality
of the predictive uncertainty obtained by the models with MCD is significantly lower in
the other cases; i.e., the LSTNet model routinely underestimates both quantiles, while
the ACEs of DSANet model suggest an extremely narrow uncertainty estimation. The
group-specific ACE in the OPS dataset show a lack of a consistent pattern of the ACE per
variable or forecast horizon (Figures 4.4c–4.4f).

The LR statistics for the coverage reliability of 80% PI of the EL and OPS datasets is
presented in Figure 4.5. The statistics are obtained for the day-ahead (36 h ahead) forecast
separately for each 24 h of the next day. Figure 4.5a demonstrates that only the empirical
distributions of the weekly residuals of the naïve benchmarks are able to reject the null
hypothesis of the unconditional (LRUC) and conditional (LRCC) coverage at both the 1%
and 5% significance levels for all hours. In addition, FFNN passes the critical value
of both CC and UC at the 1% level for all the forecasts horizons and 5% level of the
CC critical value for 50% of the horizons, while DeepAR model follows close by but
surpasses only the 1% level of CC for all horizons. In contrast, DeepAR is slightly better
for the OPS dataset (Figure 4.5b) than FFNN and reaches the 1% level of the CC for
a few hours, whereas the naïve benchmarks still excel in both criteria. However, the
performance of the DeepTCN model improved notably in comparison with the EL dataset,
whereas the performance of LSTNet and DSANet remained the same.
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(a) Electricity dataset
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(b) Open power system dataset
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Figure 4.3: Best predictive accuracy (ND and NRMSE) and predictive uncertainty (wQL) of the
0.1 and 0.9 quantiles achieved by the models for the EL (a) and OPS (b) datasets as well as for the
load (c), price (d), wind (e), and solar (f) related fields of the OPS dataset.
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Figure 4.4: Results of empirical coverage on the EL (a) and OPS (b) datasets per particular horizons
(from bottom to top: 3, 6, 12, 24, and 36 h).
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Figure 4.5: Results of the unconditional (LRUC) and conditional (LRCC) LR statistics for the EL
(a) and OPS (b) datasets. The values exceeding 20 are set to 20.
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Table 4.8: Run-time efficiency of the models during hyperparameter optimization for the EL and
OPS datasets: simulation time (ST); convergence rate (CR); electricity consumption (EC). The
table cells are colored with the green–yellow–red gradient that corresponds to the min–mid–max
values in the parameter-specific columns.

Parameter ST, h GPU, GiB GPU, stdDev CR, epochs
100

EC, kWh
Model/ Dataset EL OPS EL OPS EL OPS EL OPS EL OPS
DeepAR 150.26 80.92 4.71 4.49 1.06 1.02 0.10 0.09 6.635 3.406
DeepTCN 17.85 9.06 2.22 2.01 0.22 0.14 0.56 0.47 0.372 0.171
LSTNet 7.42 5.50 15.23 9.76 0.98 0.97 0.42 0.44 1.059 0.503
DSANet 18.93 11.08 14.22 8.22 2.24 6.40 0.31 0.17 2.524 0.854
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Figure 4.6: Effect of time- and calendar-related exogenous variables (a) and fieldwise split (b) on
losses in the OPS dataset: whole dataset (PS), load (L), price (P), wind (W), solar (S). Negative
values indicate that the results are better with exogenous variables or fieldwise split, and positive
values the opposite.

The results of the run-time efficiencies of the comprehensive global DL models (Table
4.8) illustrate that the dimensionality of the dataset has almost a linear effect on the
simulation time for the DeepAR and DeepTCN models and on the GPU usage of the
LSTNet model, whereas with DSANet there appears to be a linear effect with both of
them. Furthermore, the DeepAR model with MLE has a significantly reduced conver-
gence rate compared with the quantile- and conditional-mean-based DeepTCN, LSTNet,
and DSANet models. Interestingly, the most energy-consuming model consumes approx-
imately up to 20 times more energy than the least-consuming model.

The calendar and time exogenous variables are weakly affecting the performance of the
most global DL models in the OPS dataset except the DeepTCN model, whose reliance on
these variables is the most evident in the case of solar power generation data (Figure 4.6a).
These results are in line with the previous research that shows that calendar variables have
little predictive power (Lusis et al., 2017). The fieldwise split experiment rejected the ini-
tial hypothesis of the positive effect of joint learning from the related power system data,
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and it turned out to be slightly beneficial for most of the DL models to learn the series in a
fieldwise manner (Figure 4.6b). A possible explanation of such a phenomenon is the low
share of renewable generation with respect to the whole generation mix of the European
bidding zones or the inability of the global DL models to capture the interdependence of
the field series.

Case C

The results of the Diebold–Mariano tests (Figure 4.7) suggest that the predictive capa-
bility of the models is highly conditioned on the appropriate distribution of the MLE
estimation per a specific dataset. In particular, the global FFNN and DeepAR models
with the Student’s t-distribution outperform the other models in the predictive accuracy
(ND and NRMSE) and the upper quantile of uncertainty (wQL90) on the multivariate
EFR-II dataset, while a better estimation of the lower quantile (wQL10) is provided by
the same models with the Negative Binomial distribution (Figure 4.7a). The superior pre-
dictive accuracy and uncertainty estimation on the multivariate PNL dataset is achieved by
the global DL model with the Gaussian and Student’s t-distribution (Figure 4.7b). Finally,
the DeepAR models with all the distributions provide a statistically significant improve-
ment in the predictive accuracy and estimation of the upper quantile on the univariate
CIIX dataset, while the more simple FFNN is competitive with DeepAR for the lower
quantile (Figure 4.7c).

The numerical results of predictive accuracy and uncertainty sharpness in Figure 4.8 illus-
trate a generally low level of fidelity of the EFR-II and PNL datasets (e.g., the best NDs at
the levels of 61 and 67%), while a more acceptable fidelity for the CIIX dataset (e.g., the
best ND is 17% by DCC-GARCH but the best DL models provide around 21–22%). Even
though the cross-learning technique of the global DL models with appropriate distribu-
tion statistically excels the multivariate statistical model with rolling re-estimation of its
parameters in a series-per-series fashion, the numeric metrics of its forecasts in predictive
accuracy and uncertainty are often lower on average than the forecasts DL models.

The half-hourly LR statistics for the 24 h ahead forecast of the 80% PI of the EFR-II,
PNL, and CIIX datasets is presented in Figure 4.9. Figure 4.9a illustrates that only the
DeepAR model with the Student’s t-distribution and FFNN with the Gaussian distribution
are able to accept the hypothesis of the CC at the 5% level for the EFR-II dataset by
surpassing the critical value in 79% and 67% of the forecast horizons. The ACEs of
these models are 1.5% and 0% (Figure 4.10a). In comparison, DCC-GARCH and FFNN
with the Student’s t-distribution models achieve this level in less than 37.5% horizons and
provide ACEs of 1.4% and 3.3%. However, the DCC-GARCH model is the only one that
guarantees a statistically significant coverage for the PNL dataset in 69% at the 1% level
and 40% at the 5% level with a vivid net load pattern along the forecast horizons (Figure
4.9b). However, the ACE of FFNN with the Gaussian distribution is slightly better (1%
vs 2.3%, Figure 4.10b). Finally, the Naïve–1 and DCC-GARCH models have the highest
statistical significance for the CC at the 5% level of the CIIX dataset (90% and 100%,
Figure 4.9c) and the lowest ACEs of 2.9% and 1.9%. The closest DL model is FFNN with
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Figure 4.7: Results of the one-sided Diebold–Mariano tests at the 5% significance levels on the
EFR-II (a), PNL (b), and CIIX (c) datasets for predictive accuracy (ND and NRMSE) and predic-
tive uncertainty (wQL) of the 0.1 and 0.9 quantiles for the 24 h ahead forecast horizon. The binary
heat map follows the rules explained in Figure 4.2.

the Negative Binomial distribution that surpasses the critical value at 5% in 52% of the
forecast horizons. Interestingly, the DL models with the Negative Binomial distribution
provide a higher ACE for the multivariate EFR-II and PNL datasets in comparison with
two other distributions, but performs better in terms of ACE (e.g., 6.3% vs 11% for FFNN)
for the univariate CIIX dataset (Figure 4.10c).



4.3 Results 93

0.
0

0.
5

1.
0

N
D

Point Forecasting

0.
0

0.
5

1.
0

Q
L1

0

Quantile Risk

Models

0
1

N
R
M
SE

Models0.
0

0.
5

1.
0

Q
L9

0

(a) BESS activation

0.
0

0.
5

1.
0

N
D

Point Forecasting

0.
0

0.
5

1.
0

Q
L1

0

Quantile Risk

Models

0
1

N
R
M
SE

Models0.
0

0.
5

1.
0

Q
L9

0

(b) Prosumer net load

0.
0

0.
5

1.
0

N
D

Point Forecasting

0.
0

0.
5

1.
0

Q
L1

0

Quantile Risk

Models

0
1

N
R
M
SE

Models0.
0

0.
5

1.
0

Q
L9

0

(c) Carbon intensity

Models

60
50

40
30

20
10

0
10

A
C

E 
(%

)

net_load

DCCGARCH FFNN.Gaus FFNN.Stud FFNN.NegB DeepAR.Gaus DeepAR.Stud DeepAR.NegB Naïve-1 Naïve-2

Figure 4.8: Best predictive accuracy (ND and NRMSE) and predictive uncertainty (wQL) achieved
by the models for the EFR-II (a), PNL (b), and CIIX (c) datasets.
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Figure 4.9: Results of the unconditional (LRUC) and conditional (LRCC) LR statistics for the
EFR-II (a), PNL (b), and CIIX (c) datasets. The values exceeding 20 are set to 20.
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4.4 Discussion and reflection

This section aims to analyze the experimental findings in terms of their implications,
generality, relation to existing knowledge, and potentials of the results.

4.4.1 Implications of the results

The results of the case studies support a common assumption that (i) the performance of
the forecasting models is often data- or context-specific, and no universally best model
exists (Hong and Fan, 2016). For instance, in Case A, no model showed stable superiority
over the others among the three datasets, both datasets in Case B had different leaders, and
finally in Case C, the results varied on a distribution-specific basis even within a single
model. In practice, this means that extensive automated testing of the models is required to
adequately compare the existing models. Generally, DL models demonstrate competitive
results with statistical and machine learning models, as it has been previously shown
(Makridakis et al., 2020; Mashlakov et al., 2019c; Lago et al., 2018) and demonstrated in
the current research (e.g., variational MARNN in Case A and DeepAR and FFNN in Case
C). In that case, the DL models offer more means for an automatic forecasting process
(Faloutsos et al., 2018), which can make them even more mainstream methods in the field
of probabilistic energy forecasting. For that, open source libraries are available in the
DL community, such as the modeling toolkit GluonTS (Alexandrov et al., 2020) or TSAI
(Oguiza, 2020).

In addition, (ii) the simple DL model trained with the cross-learning technique can demon-
strate a competitive performance with more complex global DL models if applied on a
homogeneous multivariate dataset with similar patterns of time series, while the complex
global DL models can potentially generalize better for both heterogeneous datasets with
nonuniform patterns of time series and homogeneous datasets. Such a conclusion is sup-
ported by Case B, where FFNN was superior to the global DL models (e.g., DeepAR and
DSANet) on the EL dataset, whereas it had a lower forecast quality for the OPS dataset
than the DeepAR and DeepTCN models. The conclusion receives support also from
Case C, where the DeepAR model was significantly better than the FFNN model on the
PNL dataset. These findings are in line with the previous conclusions (Montero-Manso
and Hyndman, 2021) and top results in the latest M competitions (Makridakis et al.,
2018, 2020). Based on the reasoning of Montero-Manso and Hyndman (2021), the com-
plex global models can implicitly capture interdependence and dependence in the dataset,
while simple models with cross-learning only improve the predictive function with more
observations of related patterns. The generalization of global DL methods to heteroge-
neous data supports their wider applicability, which also has practical significance for
possible automation of forecasting practices. Alternatively, the analysis of relatedness of
time series in data (Montero-Manso and Hyndman, 2021) through, e.g., clustering can
guide the model selection process or data splitting into appropriate groups.
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Furthermore, the results of the case studies suggest that (iii) the aleatoric uncertainty of a
data generating process has more influence on the reliability of the uncertainty estimation
of the DL models than the epistemic uncertainty of these models. In particular, the results
of Case B (LSTNet and DSANet) and an ablation study20 of Case A (MARNN) suggest
that epistemic uncertainty modeled with the Monte Carlo approximation is insufficient
alone to fully describe the predictive uncertainty of the DL model. For that, a merging of
MCD with a regularized MLE, as used in Case A, or dropout ensembles in (Bachstein,
2019) can improve the reliability of predictive uncertainty by estimating both the aleatoric
and epistemic uncertainties. However, the coverage reliability of MCD was empirically
demonstrated in other studies of probabilistic time series forecasting (Zhu and Laptev,
2017), so the reasons for the low reliability of the MCD in complex RNN-based DL
architectures should be further investigated. The other uncertainty modeling methods,
such as regularized MLE (e.g., DeepAR, FFNN) and post-hoc residual simulation (naïve
models) in Cases A and B are able to provide a statistically significant performance in the
reliability and sharpness of the forecasts, while multiquantile regression is more prone to
inconsistency of results (e.g., DeepTCN in Case B and QRNN in Case A). It is noteworthy
that reliable uncertainty estimation of the DL models with MLE in Case C was possible
in the out-of-distribution testing; i.e., when these models should have demonstrated a
high epistemic uncertainty. Furthermore, the results of Case C show that the effectiveness
of the uncertainty estimation of the DL models with the MLE approach depends on the
correct identification of the distribution function.

Importantly, the evidence of the run-time efficiency of Case B demonstrates (iv) a linear
dependence of the dataset dimensionality with the simulation time, energy consumption,
and the GPU resource usage in some of the DL models, which limits their scalability.
Knowledge of GPU memory consumption (aka memory footprint) in advance is important
for practitioners to select a model that meets its hardware limitations and prevents waste of
computing resources resulting from out-of-memory failures (Gao et al., 2020). Similarly,
low-consumption models should be prioritized over high-consuming models to minimize
their carbon footprint (Hao, 2019). Nevertheless, both energy and memory metrics are
outside the scope of a majority of DL methods focusing on high levels of accuracy without
any computational constraint (García-Martín et al., 2019).

4.4.2 Generality (limitations) of the results

The study has certain limitations that may impact the trustworthiness of the presented
findings and hamper the transfer of knowledge to other datasets and models. First, (i) the
empirical findings of the research are tied to specific models and datasets that prevent gen-
eralization of the derived conclusions; yet, an effort was made by the author to provide a
sufficient benchmarking, dataset characterization, and quality assessment of the forecasts.
Second, (ii) the conclusions are also limited by the lack of opportunity to compare the re-

20Reported only in a preprint version of Publication III at the time of the peer review.
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sults with the ones reported in the literature. The reasons are new domain areas (e.g.,
Case A), newly introduced datasets (e.g., Case B, Case C), or different metrics applied,
e.g., normalization per installed capacity in Bessa et al. (2014) for renewable energy but
symmetric mean absolute percentage error for price (Lago et al., 2018). However, the
results of this work can serve as a reference point for DL-based probabilistic forecast-
ing in several application domains, including multivariate energy forecasting at various
power system levels and battery reserve activation from the frequency control service.
In addition, the results of the DL training and forecasting in Cases A and B might be
suboptimal because of (iii) the use of small number of trials (Case A), a fraction of the
datasets and single forecast horizon in the hyperparameter optimization (Case C). Impor-
tantly, the forecasts in Cases B and C are solely based on past data, the time and calendar
features ignoring, e.g., numerical weather predictions, which are likely to improve their
performance. Moreover, (iv) some case studies ignore several recommendations practices
of energy forecasting reported in the literature (Croonenbroeck and Stadtmann, 2019):
the insufficient sample size of the out-of-sampling testing period in Case B and Case C,
where the testing period covered less than the recommended one-year period; the compar-
ison of the models in Case A is conducted without a statistical evaluation of the empirical
forecasting model results for their coverage. Further, (v) the regularized maximum like-
lihood estimation in Case B has a strong assumption about the Gaussian distribution of
data like the majority of regression problems (Kendall and Gal, 2017), yet Case C points
out the advantages of multidistribution testing. Finally, (vi) the probabilistic extension of
the MARNN model in the form of the MCD and MDNs has a high applicability and scal-
ability potential because of incorporating both the aleatoric and epistemic uncertainties as
well as suitability for any DL model.

4.4.3 Current barriers and policy recommendations

The European Data Strategy (European Commission, 2020) aims to enable widespread
access and sharing of high-value datasets, creating good grounds for a broad uptake of
data-driven digital innovations, such as DL applications. In the energy sector, datahubs
are an example of a system for data exchange of electricity network data among distri-
bution system operators and retailers in Europe (NCM, 2017). These innovations are
considered to contribute to the European Green Deal objective, enabling smart mobility,
grid management, and sustainable agriculture, to name but a few. However, the Coor-
dinated Plan on artificial intelligence (European Commission, 2021) also highlights the
direct and indirect negative environmental impacts of digitalization. For example, in sec-
tion 4.3, this study showed a high diversity of energy consumption volumes among the
DL models required to tune and train them. When DL methods are adopted on a large
scale, the energy consumption of this technology may result in a significant carbon foot-
print. Therefore, the Coordinated Plan directs the research on frugal artificial intelligence
to develop lighter, less data-intensive and energy-consuming models. As a practical step,
promotion of greener algorithms among the practitioners and academics can be accom-
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plished by development and adoption of energy efficiency standardization for forecasting
models that would measure their environmental performance score equally with the pre-
dictive accuracy and uncertainty estimation metrics.

4.5 Conclusions

This chapter focused on energy forecasting problems in the domains of flexibility pro-
vision with a special attention to predictive uncertainty modeling of deep learning fore-
casting models. The contemporary research gaps were identified, and novel application
domains and approaches in the field of forecasting were evaluated. Several univariate and
multivariate case studies were considered in this study, including univariate forecasting
of the reserve activation energy of a battery storage in Case A; multivariate (spatiotem-
poral) forecasting of wind and solar, price and load data generating processes at various
power system levels in Case B; univariate forecasting of average carbon intensity as well
as multivariate forecasting of prosumer net load and the reserve activation power and en-
ergy of a battery storage at subhourly level in Case C. Furthermore, several uncertainty
modeling techniques were tested from Bayesian neural networks (Monte Carlo dropout)
and quality-driven (e.g., maximum likelihood estimation, multiquantile regression, and
post-hoc residual simulation) approaches. The analysis of the model forecasts in the case
studies was conducted using backtesting modeling. The quality of the predictive accu-
racy and predictive uncertainty of the case study models was assessed using numerical
metric and statistical significance tests. Overall, the empirical results of this work suggest
that deep learning models demonstrate a competitive predictive accuracy and uncertainty
modeling in comparison with machine learning and statistical methods, although precise
conclusions are often data- or context-specific.

Answering the research question RQ2:

RQ2 What are the effective criteria in data-driven characterization of the energy fore-
casting uncertainties arising from the data generating processes associated with
flexibility management?

it is concluded that efficient data-driven modeling of energy forecasting uncertainties
should rely on the following cornerstones:

a. Reliability of quality-driven loss functions. The findings of this chapter demon-
strate that the non-Bayesian approaches of quality-driven loss function, i.e., reg-
ularized maximum likelihood estimation and multiquantile regression, leveraging
aleatoric (data) uncertainty together with post-hoc residual simulation that estimates
epistemic (model) uncertainty provide sufficient reliability quality. However, the
results of this chapter suggest that the use of model uncertainty with the Bayesian
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variational approximation alone cannot guarantee the required level of reliability
in predictive uncertainty; thus, it should be applied jointly with data uncertainty.
Importantly, all of these methods require a minimum workload to transform deter-
ministic deep learning models into probabilistic.

b. Diversity of predictive distribution functions. The evidence of this chapter high-
lights the advantage of multidistribution testing when applying the regularized max-
imum likelihood estimation approach to diverse probabilistic energy forecasting
problems. Alternatively, mixture density networks with Gaussian mixture models
can serve as an universal approximation of the predictive distribution.

c. Benefits of cross-learning technique. The findings of this chapter also indicate
that a cross-learning technique can benefit from multivariate energy forecasting
problems of homogeneous datasets even with a low complexity of deep learning
models, while more advanced deep learning models also provide advantages in
forecasting heterogeneous datasets. However, some of the latter models showed
evidence of a linear dependence on energy consumption and/or computing memory
usage from dataset dimensionality, which restricts the scalability of such models.
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5 Prosumer flexibility scheduling and coordination

The morality of an act is a function of the state of the system.

— GARRETT HARDIN

Demand-side flexibility can be intelligently managed for individual or common bene-
fits, such as cost-effective decarbonization, improved grid stability, and security of sup-
ply (Parag and Sovacool, 2016). Naturally, personal benefits are prioritized because of
separate retail electricity metering, and the available flexibility is independently quan-
tified and scheduled by prosumers. However, individual flexibility management raises
many socio-technical issues for the coexistence of collective action under individuals’
self-interests (Tushar et al., 2020). The prosumer self-optimization isolated from other
actors can lead to a tragedy of commons (Hardin, 2009), a situation in which independent
decisions result in an inefficient or harmful use of a shared medium, e.g., a local power
grid. To fully leverage the flexibility available from distributed small-scale resources,
their flexibility must be optimized in coordination. Therefore, this chapter focuses on the
research question RQ3:

RQ3 What are the critical factors of the prosumer operational flexibility allocation fulfill-
ing the system-wide multiobjective objective trade-offs for the preferred flexibility
usage?

Section 5.1 gives an introduction into the topic, provides a literature review, and outlines
the research gaps addressed in this work. In section 5.2, the proposed methodology to
model and coordinate prosumer schedules is described. In section 5.3, the method is
tested in a case study of a simulated community microgid in the United Kingdom. Finally,
section 5.4 concludes the chapter with a discussion regarding the implications, generality,
and the regulatory status. This chapter is primarily based on the content and results of
Publication V, which is attached at the end of the dissertation.

5.1 Introduction

The decision-making problem of a consumer in traditional electricity markets is typically
reduced to a minimization of its total expected procurement cost of electric energy. The
capabilities of consumers to influence this goal are often limited to load shifting by chang-
ing their behavior and consumption habits. These actions typically have no significant
effect on the market prices, considering the consumers mainly passive users of electricity
and the power grid (Immonen et al., 2020). However, the prosumers equipped with smart
devices and DERs can perform more sophisticated decision-making and inherit a more
active role in electricity markets.
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The willingness of prosumers to support the grid is conditioned by their objectives for
flexibility usage and the collective objective of a particular prosumer configuration. For
instance, among the prosumer configurations categorized by Parag and Sovacool (2016),
the peer-to-peer formation predominantly presumes an individual cost reduction objec-
tive; the goal of a sustainable energy system fits into prosumer groups or energy coop-
eratives; and finally, prosumer-to-grid microgrids mostly pursue improved reliability of
supply and own self-sufficiency. Furthermore, even within a particular configuration, in-
dividual prosumers can have heterogeneous techno-socio-economic goals. The decision-
making of prosumers fulfilling the individual and/or collective objectives for energy re-
source usage is normally guided by scheduling theory.

5.1.1 Background

Scheduling theory is a subset of operations research that provides analytical frameworks
enabling optimized decision-making. In traditional electric power systems, scheduling is
predominately applied to generating power plants to cost-effectively meet the demand,
and it is distinguished between unit commitment, economic dispatch, and optimal power
flow problems. The unit commitment defines the time periods of generating units to be in
service during a scheduling period considering constraints of operating cost, power ramp,
and start/shutdown time. The economic dispatch problem further allocates the operating
level of the plants while satisfying the power balance equations and unit operating limits
at minimum operating costs. Finally, the optimal power flow problem also takes into
account the voltage and other network operating constraints to minimize the total cost of
power generation, minimize power losses in the network, or maximize social welfare.

In modern electric power systems, the demand-side resources and battery storage systems
are added to the generating units. Following the scheduling definition given by Pinedo and
Hadavi (1992) and its adaptation to VPP scheduling (Fröhling, 2017), prosumer flexibility
scheduling within LESs can be formulated as follows:

Definition 5.1 (Prosumer flexibility scheduling)
Prosumer flexibility scheduling is a decision-making process of allocation of (local)
operation schedules to all prosumers’ DER units and a feasible (global) operation
schedule to a prosumer group that is restricted by the compliance with a given flexi-
bility service and further prosumer goals.

The flexibility service constraints and further objectives can be related to an individual
or collective goal (e.g., minimization of operational costs or peak demand reduction) or
provision of a specific grid service (e.g., frequency control). The results of the schedu-
ling include the operation schedule and the net load schedule that are distinguished as
follows:
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Definition 5.2 (Operation and net load schedules)
Operation schedule is a time series of the DER output or reserved capacity for a
finite time horizon with an equal time step resolution. Net load schedule is a planned
net load profile of a prosumer or a prosumer group based on the expected realization
of DER operation schedules, consumption, and production.

Fundamentally, the flexibility scheduling provides alternative paths to the expected (base-
line) net load profile (trajectory) of a household. A set of possible net load profiles de-
termines the operational flexibility of the prosumer household (or more formally, the fea-
sible flexibility set). A process of finding prosumer flexibility is based on modeling the
household’s possible net load dynamics in the conditions of DER operational constraints,
limitations of the household’s grid connection, and requirements for flexibility service
provision. Given that some DERs with thermal (e.g., heat pump) or electric (e.g., BESS)
storage have the interdependent operation at different time steps, the modeling is required
to comply with multiperiod constraints. This modeling is formally defined here as:

Definition 5.3 (Prosumer flexibility modeling)
Prosumer flexibility modeling is a formulation of a feasible flexibility set of all pos-
sible operation schedules that can be realized by the DER over a given time horizon
and will not violate the operational constraints of the resource, providing flexibility
service, or operating environment.

When an initial operation schedule is planned in the future (e.g., for day-ahead markets),
the households’ net load dynamics is unknown beforehand because of the uncertainty of
own demand, production, and flexibility service. In that case, this type of scheduling relies
on forecasts to estimate an expected behavior of the uncertain variables and is referred
to as predictive scheduling21. In addition, a combination of forecast uncertainty with
flexibility from DERs is also considered a prosumer flexibility forecasting product (Pinto
et al., 2017). The predictive scheduling is realized as part of a tertiary level of the energy
management control hierarchy (Pegueroles-Queralt et al., 2014).

The limitations of the physical and technical hosting capabilities of local energy networks
require coordination of individual energy management schedules. The coordination pro-
cess is generally defined by Celik et al. (2017b) as:

Definition 5.4 (Coordination)
Coordination is a process enabling a set of [energy management] entities (e.g., smart
homes, system operators, aggregators) to organize their actions to work together
effectively.

Coordination of the energy management of prosumer households is a dynamic research
21Alternatively, reactive scheduling is used to correct deviations from the initial planning. However, this

type of scheduling is out of scope of this work.
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topic that establishes the foundation for efficient integration of DERs into an existing
power system.

5.1.2 Literature review

The concept of energy management coordination in geographically localized communi-
ties is evolving to face a combination of interdependent socio-technical challenges of
putting “humans in the loop.” Below, a review of the literature on coordination strategies
and corresponding techniques of their solution is provided.

Coordination strategies

The energy management coordination strategies of prosumers are categorized by Guerrero
et al. (2020) into: (i) uncoordinated (passive); (ii) coordinated energy management; and
(iii) peer-to-peer energy trading.

The uncoordinated approach deploys local energy management (e.g., a home energy man-
agement system (Beaudin and Zareipour, 2015)) to automatically monitor and manage the
energy consumption, generation, and storage of end-users’ resources while optimizing
their comfort and economic self-interest. The coordinated energy management applies
aggregation schemes to orchestrate the response of a group of DERs spread across an
electricity distribution network (Guerrero et al., 2020). In that case, the organized op-
eration is implemented by means of operational energy management and relies on data
exchange over the medium communication infrastructure to extract a common (e.g., eco-
nomic, environmental, or technical) value. Finally, the peer-to-peer (P2P) energy trading
employs decentralized market transactions to establish multibilateral agreements between
the peers to exchange goods and services (Sousa et al., 2019).

The main limitation of the uncoordinated approach is in the sole customer-oriented oper-
ation that ignores the technical and operating constraints of the shared electricity network
infrastructure or system needs. Individually taken decisions can cause undesired effects,
such as rebound peaks, current congestions, and voltage instabilities in the network (Ce-
lik et al., 2017b; Guerrero et al., 2018). Alternatively, some variants of the coordinated
energy management (based on optimal power flow) and P2P trading (with a network per-
mission structure) can offer economic benefits to the users while respecting the constraints
imposed by the electricity network (Guerrero et al., 2020). Furthermore, a degree of coop-
eration among the users in the coordinated energy management approach enables system-
oriented energy management maximizing social welfare (Guerrero et al., 2020). Although
recent studies have introduced the opportunities of collaborative-based P2P community
markets (Moret and Pinson, 2018) and P2P formation of federated VPPs (Morstyn et al.,
2018), P2P trading is predominantly seen as a noncooperative (competitive) configura-
tion of end-users. As such, P2P trading is conditioned by the existence of a sufficient
number and diversity of market participants within the network to realize the competitive
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equilibrium with fair and unbiased energy sharing (Sousa et al., 2019; Zhou et al., 2020).
In that case, Hupez et al. (2021) state that enriching the consumer-centric coordination
with cooperation instead of competition enables to avoid the challenges of market-based
transactions.

Coordination techniques

In terms of coordinated energy management in the smart grid, three main coordination
techniques are distinguished (Celik et al., 2017b): (i) multiagent systems; (ii) game theory;
and (iii) constrained optimization techniques.

Multiagent systems are not an algorithm per se but a framework describing the agents’
interactions and organization for coordinated decision-making in the operating environ-
ment (Horling and Lesser, 2004). Among the novel algorithms based on multiagent sys-
tems, multiagent reinforcement learning and genetic algorithm are receiving increasing
attention in coordinated energy sharing applications. They provide a promising perfor-
mance in improving community self-consumption (Prasad and Dusparic, 2019) as well as
reducing costs and aggregated peak load in a prosumer neighborhood (Celik et al., 2017a).

Game theory is a popular mathematical framework for P2P energy trading applications
because of its suitability for distributed communication, diversity of operation scenarios,
and low complexity (Saad et al., 2012). A large proportion of the applied game theory
research finds that noncooperative (Rajasekhar et al., 2019) and cooperative (coalition-
based) approaches are beneficial in terms of reduction of peak-to-average demand and
energy consumption cost at the energy community level (Chiş and Koivunen, 2017; Bera
et al., 2017; Feng et al., 2019). Some of the game theory studies (Azim et al., 2021; Hupez
et al., 2021) explicitly consider network constraints in their formulation.

The constrained optimization techniques aim at finding an optimal solution of all fea-
sible solutions by optimizing an objective function with respect to some variables hav-
ing constraints on their realization. Historically, centralized mixed-integer linear pro-
gramming (MILP) formulation with coupling constraints has served as the most appro-
priate modeling framework for the scheduling problems of DERs (Nosratabadi et al.,
2017), while recently, many decomposition methods have been proposed in the litera-
ture to solve these problems in a distributed way, enhancing privacy, communication,
and computational requirements. These methods consist of Lagrangian dual decompo-
sition alternatives (Dukovska et al., 2021) including an alternating direction method of
multiplier (Diekerhof et al., 2017; Kilkki et al., 2018; Lilla et al., 2019; Olivella-Rosell
et al., 2020; Kou et al., 2020), variants of the Dantzig–Wolfe decomposition (Anjos et al.,
2018; de Souza Dutra and Alguacil, 2020), and primal decomposition approaches, such
as Benders decomposition (Yang et al., 2015). In these decompositions, an original cen-
tral problem is decomposed into a set of small subproblems that are solved in parallel by
local independent computations, while the coordination is achieved by iterative updates
of the information among individual agents. Some of these approaches consider system-
level provision of flexibility services (Diekerhof et al., 2017; Olivella-Rosell et al., 2020;
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Kilkki et al., 2018), while others are focused on the cost minimization.

5.1.3 Research gaps and contributions

In the majority of previous studies, prosumers are assumed to be a homogeneous group
having economic benefits (revenue maximization or cost reduction) as their primary mo-
tive for participation in the energy management coordination schemes; see, e.g., (Celik
et al., 2017a; Lilla et al., 2019; Hupez et al., 2021). In some cases, this objective is
being limited by discomfort constraints, such as thermal comfort (Kilkki et al., 2018;
de Souza Dutra and Alguacil, 2020), appliance operational delay and interruption (Ra-
jasekhar et al., 2019; Fanitabasi and Pournaras, 2020), or available EV driving range (Iria
et al., 2019). Recent research, however, has distinguished the heterogeneous motivations
of individual prosumers in adopting (Balcombe et al., 2014) and managing (Hahnel et al.,
2020) DERs as well as participating in energy communities (Dóci and Vasileiadou, 2015;
Bamberg et al., 2015). This means that the prosumers often cannot be categorized as a
homogeneous group, even if they are members of a community with a common goal, be-
cause they carry different levels of motivations, engagement, and social norms (Bauwens,
2016). In this regard, very few studies consider a joint set of environmental, economic,
and technical prosumer objectives (Diekerhof et al., 2017). However, neglecting the het-
erogeneous goals related to DER operation can discourage prosumers to participate in the
coordination programs and diminish their efficacy (Kubli et al., 2018).

A majority of solutions neglect the market interface, leaving the local flexibility uncon-
nected from the main grid operation. Such conditions may stimulate the prosumers to
go off-grid, thereby disrupting the utility business models (Kubli, 2018) and leading to
underutilized socio-economic (Campos and Marín-González, 2020; Harder et al., 2020)
and environmental (OVO, 2018) benefits and loss of operational efficiency. Furthermore,
the absence of coordination between system-level service provision, such as frequency
control, and technical system constraints can lead to overloading of the distribution net-
work infrastructure (Belonogova et al., 2020). Yet, the coordination schemes delivering
system benefits often provide network-oblivion formulations without any technical con-
straints or objectives regarding the shared grid (Olivella-Rosell et al., 2020; Kilkki et al.,
2018; Iria et al., 2019). Very few studies pursue a network-oriented scheduling that aims
at reducing the peak demand (Diekerhof et al., 2017; Hu et al., 2020). However, the tech-
niques based on alternating direction method of multiplier have a strong potential for a
fully network-aware scheduling (Guerrero et al., 2020) that models the network power
flow constraints (Kou et al., 2020; Erseghe, 2014).

The knowledge of uncertainty factors is pivotal in the optimization problems of DERs (Yu
et al., 2019) to minimize the risk of increased costs and loss of comfort caused by imbal-
ance penalization and forecast errors (Celik et al., 2017b). The forecast uncertainties
coupled with DER optimization at the local (e.g., household demand or production) or
system level (e.g., market price) or their outcomes in the form of imbalances have not
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been assessed in most of the reviewed works considering perfect information. In partic-
ular, the effect of uncertainty factors on the algorithm performance was only estimated
in (Celik et al., 2017a). The other studies deploy robust (Diekerhof et al., 2017; Correa-
Florez et al., 2018; Cui et al., 2018), interval (Li et al., 2017), stochastic (Iria et al., 2019),
and chance-constraint optimization (Yang et al., 2015; Liu et al., 2018; Kilkki et al., 2018)
methods to hedge against uncertainty realization. In many of these cases, however, the
centralized coordination structure with an intermediate entity (e.g., aggregator) that ig-
nores the privacy concerns is used. Nevertheless, the effects of the uncertainty factors on
the outcomes of individual and collective scheduling remain underinvestigated.

Therefore, the energy management coordination strategies of prosumers in local energy
networks have fundamental gaps in (i) heterogeneous representation of prosumer motiva-
tions; (ii) network-oriented operation under system-level dissemination of the flexibility
potential; and (iii) assessment of forecast uncertainty factors. To this end, the gaps listed
above are addressed by proposing a novel flexibility scheduling framework of a commu-
nity microgrid. This framework effectively models the trade-offs between prosumers’
techno-socio-economic goals and coordinates net load schedules across multiple house-
holds in a decentralized and cooperative manner ensuring the reliability of the shared grid.
In the proposed framework, the prosumers modulate the operational flexibility of BESSs
to pursue heterogeneous objectives (including economic, environmental, and energy self-
sufficiency) with respect to the relative importance of these objectives that goes beyond
the homogeneous financial model of human motivations. The framework enables system-
level provision of the FCR service, while the grid-oriented coordination aiming for the
reduced aggregated peak demand is defined by the prosumers’ willingness to cooperate
for a common good. Given the fundamental role of forecast uncertainties combined with
the physical DER constraints, this work also quantitatively evaluates the effect of uncer-
tainties in the net load and BESS reserve activation on the achievement of the planned
operation. Thus, the key novelty and contributions of this work are summarized as fol-
lows:

i. A method for operational flexibility modeling of a prosumer’s household with solar
battery systems that captures the techno-socio-economic goals of prosumers in the
planned BESS flexibility usage.

ii. A novel household-level scheduling framework that performs cooperative and privacy-
preserving coordination of the schedules across multiple households, aiming to reduce
total demand peaks.

iii. A socio-technical impact and optimality analysis (using real-world data) of varying
prosumer cooperation in the optimization process of flexibility scheduling, including
individual objectives, a collective community goal, and coordination fairness.

iv. Quantitative findings using real-world data that show the effect of forecast uncertainty
factors combined with the physical BESS constraints on the realization of a planned
schedule and resource unavailability.
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v. Quantitative findings that demonstrate the techno-economic efficiency of providing
the FCR service by a population of residential BESSs.

5.2 Methodology

This section presents the research methodology, including research data, methods, and
evaluation experiments. For this project, quantitative research through a simulation metho-
dology is applied and summarized in Figure 5.1. The simulation relies on historical and
present data of real-world data generation processes. A mathematical modeling approach
is applied to imitate and study the operational behavior of a community microgrid as a
complex cyber-physical system. The physical layer of the system is populated by a set
of prosumer households equipped with a solar battery system and uncontrollable loads,
while the cyber layer consists of a set of scheduling (software) agents that manage the
electric energy consumption, production, and storage of the household with respect to
prosumer motivations. The objective function and constraints of individual agents are
represented by using linear equations with binary variables, whereas the system-wide ob-
jective function is described with nonlinear equations. Finally, the model is simulated for
a case study to obtain descriptive statistics about its performance.

Data collection Data preparation
Mathematical 

modeling
Model simulation Model evaluation

Figure 5.1: Research methodology for prosumer flexibility scheduling and coordination in a com-
munity microgrid.

5.2.1 Research methods

The cooperative flexibility scheduling framework is realized in two consecutive phases:
(i) schedule generation to locally generate a number of possible net load schedules that
fulfill the local prosumer goals in the DER operating modes and (ii) schedule coordination
to cooperatively select the optimal net load schedules that contribute to the achievement
of the system-wide objective, i.e., a reliable use of the shared medium (i.e., the microgrid)
by reducing the aggregated demand peaks.

These phases rely on two applied optimization techniques, namely the multiobjective
optimization (MOO) of the MILP problem and the decentralized collective learning algo-
rithm, whose details are explained below.

Multiobjective optimization of the MILP problem

The local MOO problem is formulated as a MILP problem because beside the linear ob-
jective and constraints, it contains binary variables with the integrality restrictions. The
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Figure 5.2: Overview of the local decision-making in the flexibility scheduling framework.

MILP programs are known to be NP-hard; they are efficiently solved using a linear-
programming-based branch-and-bound algorithm (Lawler and Wood, 1966) by means
of state space search.

Let A := {1, . . . , ns} denote an index set of scheduling (software) agents indexed by
a ∈ A. Each agent is operating within a set of daily time steps t ∈ D := {1, . . . , nd} on
behalf of a prosumer to manage the energy use of a residential household with a BESS
and an uncontrollable net load consisting of a solar PV system and household appliances.
Given an index set of local objective functions J := {1, . . . , nj}, where each objective
function fj : Rnd → R has its relative importance υj , the agent a aims to optimally
allocate the BESS operation schedules by optimizing a MOO problem with the local cost
function f loc : Rnd → R defined based on a weighted sum method (Marler and Arora,
2005):

minimize
Xa∈Fa

f loc =

nj∑
j=1

wj

(
fj(Xa,Ξa)− zmin

j

)
(5.1a)

subject to

nj∑
j=1

wj = 1, (5.1b)

wj ≥ 0, ∀j ∈ J (5.1c)

wj = υjϑj =
υj

zmax
j − zmin

j

, ∀j ∈ J (5.1d)

technical, operating, and network constraints ∈ Fa (5.1e)

where wj is the normalized weight coefficient, zmin
j = argminXa

{fj} is the minimum
(utopia point) of the objective space, zmax

j = argmaxXa
{fj} is the maximum function

value (nadir point), and ϑj is a normalization factor; Xa represents a set of decision vari-
ables, Ξa is a set of uncertain variables, and Fa is a set of feasible flexibility states.

The set of prosumer objectives includes the following linear cost functions: (i) economic
objective of minimizing the financial expenses of the electricity time-of-use tariff and
battery operation with remuneration from FCR service provision and the feed-in tariff; (ii)
social objective of reducing the prosumer’s carbon footprint; and (iii) technical objective
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in terms of energy self-sufficiency:

ffin
a =

∑
t∈D

πtou
t [pnl

t,a]
+∆t︸ ︷︷ ︸

cost of imported electricity

+
∑
t∈D

πfit[pnl
t,a]
−∆t︸ ︷︷ ︸

profit from exported electricity

−
∑
t∈D

πfcrrfcr
t,aP

bat∆t︸ ︷︷ ︸
profit from ancillary service

+

∑
t∈D

πbat
(
|pbat
t,a |∆t+ rfcr

t,a(|Ê↑,fcr
t |+ |Ê↓,fcr

t |)
)

︸ ︷︷ ︸
cost of battery storage operation

, (5.2a)

f env
a =

∑
t∈D

ξ̂co2
t pnl

t,a∆t︸ ︷︷ ︸
net carbon emission

, (5.2b)

f suf
a =

∑
t∈D
|pnl
t,a|∆t︸ ︷︷ ︸

net load exchange

, (5.2c)

where [·]+ ≡ max[·, 0] and [·]− ≡ min[·, 0] are element-wise ramp-up and ramp-down
functions, pnl

t,a and pbat
t,a are the scheduled household net load and BESS operation power

during time interval ∆t, πfcr is the remuneration for the submitted reserve capacity rfcr
t,aP

bat,
ξ̂co2
t is the forecasted carbon intensity factor, Ê↑,fcr

t and Ê↓,fcr
t are the forecasted upward

and downward activation energy of the BESS, πtou
t is the unit electricity price, πbat is a

linearized degradation cost coefficient, and πfit is a feed-in compensation price. The re-
sult of the local MOO for each agent a consists of a household’s net load power schedule
pnl
q,a ∈ Rnd and the corresponding BESS operation schedules (pbat

q,a , r
fcr
q,a) ∈ Rnd at quan-

tile index q, where rfcr
q,a is the proportion of battery storage capacity reserved for the FCR

service, and pbat
q,a is the scheduled battery power for the self-balancing objective.

Given varying initial conditions in terms of uncertainty levels in an index set of quantile
levels Ψ := {1, . . . , nq}, the optimization provides a set of possible net load schedules
Pa := {pnl

q,a}q∈Ψ and a related decision set of operation schedules Xa := {(pbat
q,a , r

fcr
q,a)}q∈Ψ.

The agent’s, and hence, the prosumer’s preferences for a particular net load schedule pnl
q,a

are measured by the local cost function f loc(pnl
q,a). The schedule priority is determined

in the ascending order of the local costs f loc(pnl
1,a) ≤ f loc(pnl

2,a) ≤ · · · ≤ f loc(pnl
nq ,a)

without explicitly capturing the magnitude of the preferences over the possible schedules.
Intuitively, the lower the local cost of the schedule, the lower the dissatisfaction it imposes
on the prosumer.

Decentralized collective learning

The coordination of prosumers’ decision-making over their household net load schedule
aims to minimize the variance of their aggregated net load profile and is computation-
ally modeled as a multiple-choice combinatorial optimization problem (Puchinger and
Raidl, 2005). This problem is a nonconvex because of the quadratic cost function and
is known to be NP-hard. The approximation of the problem to find a near-optimal and
computationally feasible solution is implemented with a fully decentralized and privacy-
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preserving algorithm known as Iterative Economic Planning and Optimized Selections
(I-EPOS) (Pournaras et al., 2018). Below, the operational principle of this decentralized
learning algorithm is described in brief.

The network of agents in the set A is self-organized at the leaves, branches, and root in a
tree-like (hierarchical) topology. A complete learning iteration progresses in two phases:
(i) a bottom-up phase and (ii) a top-down phase. The former phase forwards the local
agents’ preliminary decisions in the form of an aggregated response to higher-level (par-
ent) agents (i.e., from the leaves to the root), whereas the latter phase back-propagates
the effective decisions of the higher-level agents regarding the planned schedules to those
below them. The decisions at each hierarchy level concern the selection of own agent
schedules and those agents in the branch underneath to minimize the system-wide ob-
jective f glob(·) : Rnd → R of the variance of an aggregated system response, i.e., the
net load demand pagg =

∑
a∈A pnl

q,a at quantile index q during a time interval D. The
bottom-up decisions are based on incomplete agent knowledge, whereas the top-down
decisions have a more complete amount of information and, on this basis, can accept or
reject the preliminary selection of the agents in the branches underneath. The information
exchange in the bottom-up phase is carried out at an aggregate level without revealing
explicit agent schedules. At each iteration, the agents select the schedules to maximally
reduce the global cost compared with the previous iteration. The learning converges when
the limit of the number of iterations is reached or the global cost cannot be reduced any
further. The outcome of the learning process is an optimal combination o? ∈ O(A,Pa)
of the agents’ net load schedules with a corresponding community net load pagg?. Fur-
thermore, given the selected schedule sa = o?, the agent also submits a related decision
set Xa

? of BESS operation schedules for the execution.

The agent has local control over the trade-off between local f loc and global f glob objectives
through the cooperation parameter λ22. The coordination decision for the agent a is
generally formulated as follows23:

sa =
nq

arg min
q=1

(
(1− λ)f glob(pagg) + λf loc(pnl

q,a)
)
, (5.3a)

subject to λ ∈ [0, 1], (5.3b)

f glob =
∑
t∈D

(
pagg
t − p̂agg

)2

. (5.3c)

Naturally, the larger the parameter λ is, the stronger are the agent’s local preferences over
the system-wide objective. The boundary values of this parameter realization correspond
to an altruistic individual (λ = 0) with cooperative behavior toward the system-wide
efficiency (i.e., reducing demand peaks) and a selfish (noncooperative) individual (λ = 1),
who prioritizes personal satisfaction.

22Note that the parameter λ is set as a system-wide parameter for the experiment purposes.
23Here and in what follows, ·̂ denotes an average value of a set of data.
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5.2.2 Research data

The input data for the experiment simulation are collected to accurately model the operat-
ing dynamics of a community microgrid in the context of the United Kingdom electricity
markets. In particular, the data are related to the prosumer preferences, flexible resource
parameters, operating environment constraints, and historical resource output. Indeed,
prosumer preferences in Table 5.1 are uniformly assigned based on a best–worst scaling
survey estimation of the motivation factors regarding the adoption of microgeneration
technologies in the United Kingdom (Balcombe et al., 2014).

Table 5.1: Relative importance of prosumer motivations.

Motivation Finance Environment Self-sufficiency
Importance 0.273 0.226 0.501

The households’ net load data (i.e., solar PV generation and electricity demand measure-
ments) are collected from a smart grid pilot project in the northeast of the United Kingdom
with a time period from December 2012 to January 2014 (Lyons et al., 2015). The bat-
tery energy storage is modeled based on the specification of a fully integrated AC-coupled
BESS Sonnen Eco 9.43/7.5 (Sonnen, 2020); see Table 5.2. The electricity tariff for the
unit price of electricity is set in accordance with a time-of-use tariff scheme (Economy 7
Tariff in the United Kingdom24). The feed-in tariff scheme remunerates the export of the
excess electricity to the grid in conformity with the Smart Export Guarantee mechanism
in the United Kingdom. Both the electricity and feed-in tariffs are based on real retailer
offers in the year 2020 presented in Table 5.3. The carbon intensity is estimated using
historical half-hourly values of an average carbon intensity factor (gCO2/kWh) in the
United Kingdom during the year 2019 (ESO, 2020b); and the Frequency measurements
at a second resolution are obtained from the national TSO of the United Kingdom from the
year 2019 (ESO, 2020a). The frequency control service employs the rules of EFR Service
1 in the United Kingdom with the ±0.05 Hz dead band for frequency deviation (ESO,
2016; Greenwood et al., 2017). The capacity remuneration price of the EFR service is
fixed to the mean value of the first EFR tender winning bids (see Table 5.3).

Table 5.2: Parameters of the battery energy storage system.

Parameter
P bat, E

bat
, ηch/ηdc, Ebat πbat,

kW kWh % kWh £/kWh
Value 3.3 7.5 93 0.75 0.0652

24The tariff has lower rates πtou from 00:30 to 07:30 in the northeast region.
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Table 5.3: Rates of the electricity and feed-in tariffs and capacity remuneration price.

Parameter
πtou, πtou, πfit, πfcr,

£/kWh £/kWh £/kWh £/kW/h
Value 0.1020 0.1662 0.055 0.0978

The net load data are preprocessed by removing those time series where the amount of
missing values exceeds 6%. The missing values in the remaining 150 net load time series
are replaced by minute average values of the corresponding series. Furthermore, these
data are resampled for the forecasting process from one-minute values to half-hourly res-
olution of the United Kingdom electricity tariffs as mean values. The frequency mea-
surements are used to simulate the reserve activation response of the modeled BESS in
accordance with the EFR service envelopes (ESO, 2016; Greenwood et al., 2017). Then,
the outcome of the simulation in the form of second-based active power values is resam-
pled per half-hourly metering period to a maximum upward and downward activation
power as well as to a sum of upward and downward activation energy. The households’
net load, BESS reserve activation parameters, and carbon intensity index are further used
to procure 24 h ahead forecasts in the form of quantiles (at a level from 0.95 to 0.05 by
0.05 decrements) using Algorithm A.5 in Appendix A. In total, the forecast model is fit-
ted using a moving window of 100 past measurements with rolling re-estimation every 14
days to procure 150 days of forecasts.

5.2.3 Evaluation experiments

Below, the evaluation experiments for the model simulation are introduced.

a. Impact and optimality of the cooperation level

The experiments in this study (i) investigate the impact of a varying prosumer cooperation
level λ on the optimization process of flexibility scheduling, including individual local
costs, collective global costs, and coordination unfairness. The coordination unfairness
is a social measure that implies dispersion of dissatisfaction that prosumers experience
(or perceive) with regard to the selection of the planned net load schedule to improve
system efficiency. The unfairness in the agent coordination Λ is computed post hoc by the
standard deviation of the local cost f loc normalized with local cost mean values for all the
selected schedules sa:

Λ = σ
(
f loc(sa)

)
/µ
(
f loc(sa)

)
. (5.4)

Furthermore, (ii) Pareto optimal solutions of the cooperation level λ for the conflicting
local and global objectives is studied with a Kneedle approach (Satopaa et al., 2011) to
define the reasonable levels of prosumer sacrifice for their local preferences and system-
wide benefits to an effective peak demand reduction. Finally, the technical aspects of the
flexibility scheduling framework are explored with a net load factor metric to evaluate



112 5 Prosumer flexibility scheduling and coordination

(iii) the system-wide effect of the selected schedules on the planned net load profile of the
community microgrid and a single household:

N agg = |p̂agg
t∈D|/|p

agg
t∈D|, (5.5a)

N nl
a = |p̂nl

t∈D,a|/|pnl
t∈D,a|. (5.5b)

The closer the average power to the maximum, the smoother the net load profile through-
out a day and hence, the higher the net load factor.

b. Assessment of schedule imbalances and forecast errors

The divergence between the forecasted values and their actual realization affects the oper-
ational constraints and causes an imbalance between the planned and realized schedules.
Here, the effect of various forecast uncertainty levels applied in the planned schedules
is evaluated on the realization of (i) net load imbalances at the household and commu-
nity levels; (ii) forecast error of the maximum reserve activation power per submitted
reserve capacity; and (iii) BESS unavailability levels for the simultaneous execution of
the planned schedule and provision of the EFR service. The imbalances and forecast er-
rors are calculated by subtracting the realized value from the planned (forecasted) value
of the variable of interest. The BESS unavailability at time t for self-balancing and/or
EFR service provision is calculated as follows:

Ubat
t,a =

{
pbat
t,a

?
+ pfcr

t,a
? − pch

t,a, if pfcr
t,a
?

+ pbat
t,a

?
< 0

pbat
t,a

?
+ pfcr

t,a
? − pdc

t,a, if pfcr
t,a
?

+ pbat
t,a

? ≥ 0
, (5.6a)

pch
t,a = max[pfcr

t,a

?
+ pbat

t,a

?
,−P bat

, (ebat
t−1,a − E

bat
)/ηch∆t], (5.6b)

pdc
t,a = min[pfcr

t,a

?
+ pbat

t,a

?
, P

bat
, ηdc(ebat

t−1,a − Ebat)/∆t]. (5.6c)

where pbat
t,a

? is a scheduled battery power and pfcr
t,a
? is the required battery response to

frequency deviation at time t, ebat
t−1,a is the battery energy charge at time t− 1, and pch

t,a and
pdc
t,a are possible charging and discharging BESS powers compliant with the energy and

power constraints.

c. Efficiency of frequency reserve provision

This experiment studies (i) the techno-economic aspects of EFR service provision with
a population of residential BESSs. The technical and economic metrics, namely service
performance measure and availability factor, are used for the evaluation. The technical
metric enables to estimate the reliability of the service provision, whereas the coupled
economic metric evaluates the expected remuneration. The details of the service delivery
metrics can be found in (ESO, 2016).
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5.3 Results

The model simulation is performed for a residential community microgrid that has been
formed artificially from 150 households located in the United Kingdom. The duration of
the simulation has a finite time horizon of 150 days. For each day, the mathematical model
produces selected operation schedules of the households’ BESS, and the simulation model
validates the BESS control in the context of the actual realization of frequency and the
households’ net load. The simulation model is presented in Algorithm B.1 in Appendix
B. The results are evaluated with subsets of experiments introduced above. Below, the
main research findings are summarized.

5.3.1 Research findings

The key findings of the performed experiments are summarized as follows:

a. Impact and optimality of the cooperation level

i. The results of the sensitivity analysis for the cooperation level suggest that when in-
dividuals express noncooperative behavior and prioritize their goals (high λ values),
collective efficiency is sacrificed in terms of global cost, but improved in terms of
unfairness25 (Figure 5.3).
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Figure 5.3: Impact of the agents’ cooperation level λ ∈ [0, 1] on (a) global costs, (b) local costs,
and (c) coordination unfairness.

ii. Flexibility scheduling with the optimal prosumer cooperation level (i.e., λ = 0.9998;
Figure 5.4) decreases the average collective costs of peak shaving by 83% compared
with the uncoordinated scheduling (i.e., λ = 1; Figure 5.3a), whereas the average
prosumer dissatisfaction with respect to the selected net load schedules remains below
28% (Figure 5.3b).

25Note that, in contrast to the local and global objectives, the fairness criterion is not explicitly used as
an optimization variable; yet, this option is available in the I-EPOS configuration.
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Figure 5.4: Pareto solution for local and global costs with the corresponding cooperation level λ.

iii. Pareto-optimal cooperative scheduling achieves a more flattened net load profile dis-
tribution with a higher net load factor (Figure 5.5) by preventing coinciding net load
peaks of the planned schedules compared with the uncoordinated scheduling of selfish
agents.
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Figure 5.5: Impact of uncoordinated and cooperative scheduling on the (a, b) net load profile and
(c) net load factor of the community microgrid.

b. Assessment of schedule imbalances and forecast errors

i. The forecast uncertainty of the households’ net load leads to significant imbalances
in their planned net load schedule during the daylight hours (on average up to ±1.25
kW and ±180 kW per metering period for the household and the community) (Fig-
ures 5.6a–b). The realized net load factor is on average 5% worse than the planned
one (Figure 5.6c). The absolute sum of household net load imbalances per day has a
concave upward curvature as a function of the quantile level of uncertain factors with
the maximum (up to 115 kW) in the boundary conservative or risky (i.e., obtained at
high or low quantiles) net load schedules (Figure 5.8a).
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Figure 5.6: Average imbalances in the planned net load schedule of the community (a) and the
household (b) as well as in the net load factor (c).

ii. Forecast imbalances in the EFR maximum upward and downward activation power of
the batteries are uniformly distributed along the day with a deviation up to ±5% of
the contracted battery capacity (Figure 5.7c); apart from that, their absolute sum has
an exponential dependence on the forecast uncertainty ranging from zero to 170% of
the reserved capacity (Figure 5.8c).

iii. The forecast uncertainty of the EFR reserve activation parameters results in a low
impact on the battery storage unavailability to provide self-balancing or EFR service
(Figures 5.7b, 5.8b), but causes a battery energy state deviation up to 30% from the
planned value at the end of the scheduling periods (Figure 5.7a);
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Figure 5.7: Temporal dependence of the battery energy storage parameters during the simula-
tion periods; (a) energy capacity, (b) battery storage unavailability, and (c) forecast error of the
maximum upward and downward activation power of the frequency reserve service.
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Figure 5.8: Effect of the forecast uncertainty level (as a function of quantiles) on the absolute
sum of daily (a) net load imbalance, (b) battery storage unavailability, and (c) forecast error of the
maximum upward and downward activation power of the frequency reserve service.

c. Efficiency of frequency reserve provision

i. The techno-economical indicators of the EFR service provided by a population of
residential battery storages remain at the highest quality levels with the service per-
formance above 98.5% and 100% availability (Figure 5.9).
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Figure 5.9: Technical service performance measure (SPM) and economic availability factor (AF)
indicators of the provided frequency reserve service.

5.4 Discussion and reflection

5.4.1 Implications of the results

The results highlight (i) the positive effect of cooperation on the peak demand reduction
in the planned net load schedules. This finding supports previous conclusions obtained
in the context of flexible loads (Feng et al., 2019; Fanitabasi and Pournaras, 2020). Im-
portantly, a very high reduction in the global cost improves the system efficiency through
reduced stress for the grid equipment and comes at a relatively low local cost of prosumer
dissatisfaction with regard to the selection of the planned net load schedule. Even though
these results can be disturbed by significantly different uncertainty levels applied for the
uncertain variables, most of the reduction comes from preventing a coincidental charging
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and discharging of BESSs (see Figure 5.5a) and hence, serves the purpose. Furthermore,
the results show that (ii) the realization of the flexibility scheduling is heavily affected by
the forecast uncertainty. Hence, the imbalance costs must be included in the formulation
of the local optimization problem to hedge against potential imbalance risks. Moreover,
the use of distinct quantile levels or regions for the uncertain variables instead of analo-
gous ones for all seems to decrease the imbalances related to the flexibility scheduling in
the proposed approach, and thus, improve the optimality of the framework. Finally, (iii)
the use of residential solar battery systems for the frequency control demonstrates well the
performance with low risks of resource unavailability. Therefore, these systems can be
considered a reliable source of flexibility that can prevent potential blackouts by fulfilling
the growing demand for fast frequency control services in low-carbon energy systems.

5.4.2 Generality (limitations) of the results

The proposed flexibility scheduling framework can be applied to geographically close
groups of consumers and prosumers that have common network boundaries, including
neighborhoods, community microgrids, and districts. As stated in (Ruiz-Cortes et al.,
2018), the energy coordination solutions minimizing the power exchange with the main
grid along the entire day generalize their applicability for any country-specific prices or
regulatory environment. Indeed, the framework can be potentially adopted in any other
European country with some numerical adjustments in the rules of the FCR service, tariff
prices, or imbalance settlement time intervals. In addition, a modification of the global
cost function in the decentralized collective learning algorithm enables to adjust a net
load schedule of the community to an explicit curve, e.g., a re-profiling signal from a
DSO. Furthermore, the formulation of the local optimization can be easily extended with
additional DERs.

Despite our best efforts, the framework and findings obtained therein have some contex-
tual, situational, and methodological limitations. First, (i) the minimization of the daily
variance of power exchange with the main grid has restrictions in terms of global power
system optimality despite diverse benefits to the prosumers, power grid, and environmen-
tal emissions. This potential can be fully leveraged if the coordination of the localized
groups of prosumers is to be rolled out at multiple power system layers, adopting the con-
cept of holarchy (Pournaras et al., 2020). In that case, the learning of an optimal solution
(schedules) progresses recursively through a hierarchical network of nested holons (being
a whole in and of itself, as well as a part of a larger whole) with possibly different goals.
Second, (ii) the operational flexibility is created by the means of different levels of fore-
cast uncertainty (heterogeneous uncertainty risks) to estimate the underlying imbalances,
but it is not reasonable for the real-life operating conditions. Given that the local optimi-
zation is hedged against risks of forecast uncertainties (with the imbalance results of this
study in mind), the operational flexibility can instead be derived from various binary com-
binations of FCR service provision. Another limitation of the study is the (iii) validity of
the system-wide settings of cooperation level and the relative importance of prosumer ob-



118 5 Prosumer flexibility scheduling and coordination

jectives. This assumption is unlikely to hold for a real-life case considering a diversity of
prosumer goals mentioned above in the text (Bauwens, 2016), but was adopted because of
the unavailability of personalized motivation data. Furthermore, (iv) the numerical results
of the study (e.g., particular levels of imbalances, service performance) cannot be gener-
alized as is, because they depend on the reserve service rules, customer net load profiles,
and other country- and time-specific input data. For instance, the required reserve activa-
tion energy of the EFR service in the United Kingdom is much lower compared with the
FCR-N in the Nordic area (Hollinger et al., 2018), and hence, potentially different results
are expected in terms of battery unavailability and service performance. In addition, the
results have (v) the time period of the simulation that was limited to 150 days and might
undermine the statistical significance of the results. Finally, (vi) the acceptance of the
bids to the reserve market and their minimum size are neglected assuming that BESSs are
part of the VPP with the long-term agreement for the service provision.

5.4.3 Current barriers and policy recommendations

Nowadays, the European balancing market products are on the way toward cross-border
harmonization and integration (e.g., FCR cooperation, Nordic TSO alliance, TERRE,
MARI and PICASSO projects), yet the market and technical parameters of these products
are currently misaligned. From a regulatory point of view, the high capacity levels for
the reserve market entry (≥1 MW) that exist in many countries of continental Europe
can be a major barrier to the widespread participation of aggregated prosumer flexibility
in the system-level services (Lopez et al., 2020). A reduction of the minimum bid size
is seen as a necessary regulatory change for leveraging demand-side flexibility in many
cases. For instance, in the United States, the Federal Energy Regulatory Commission has
issued Order No. 2222 that enables distributed and aggregated resources to participate
in the capacity, energy, and ancillary services markets at a capacity no larger than 100
kW (FERC, 2021). Similarly, the minimum bid size and resolution step for FCR-N is 0.1
MW in Northern Europe. Importantly, the higher reserve market competitiveness because
of small-scale resources can hold down the utility operating costs for ancillary services
that are expected to rise in the conditions of low system inertia (Badesa et al., 2021).

The results illustrate that it is recommended for the local energy governance models to
support cooperation and/or coordination in the energy management of prosumers for the
benefits of the grid operation. In this context, promotion of a conjunction of “virtual
net metering" and local grid tariffs for the energy communities in low-voltage networks
would provide an attractive incentive for prosumers to participate in the cooperative en-
ergy management approaches and utilize their collective load-matching capabilities. In
such a model, the local network charges for the prosumers within the community are cal-
culated by deducing the local generation of the community based on a fair mechanism,
using the measured data from smart meters. As a result, the communities can leverage
local DERs to achieve higher self-sufficiency and lower distribution fees and electricity
taxes, while the utilities can also benefit in terms of lower distribution losses and required
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capacity of delivery equipment and generation units (Ruiz-Cortes et al., 2018; Fares and
Webber, 2017). The emergence of energy communities is supported by the Renewable
Energy Directive (2018/2001/EU), and its realization is in progress in the Member States.
For instance, the virtual net metering approach is already employed in Greece for energy
communities (Frieden et al., 2019), and in Finland for multiapartment buildings (Pekkari-
nen and Rajala, 2020), while local grid tariffs are discussed in Austria (Köstinger, 2018).
Furthermore, the national regulatory frameworks should proceed with the adoption of
the Internal Electricity Market Directive (2019/944/EU) that incentivizes the substitution
of DSO management functions by active network management, if cost-efficient, e.g., by
procurement of conditional reprofiling services from the communities through the local
flexibility service markets instead of network expansion.

5.5 Conclusions

In this chapter, some matters that are crucial for flexibility scheduling and coordination
of prosumers in a local energy system were addressed. State-of-the-art practices and
solutions from the literature were reported, the research findings were discussed, and
incentives for further investigation were provided. Mathematical modeling was applied to
simulate the behavior of a community microgrid as a cyber-physical system of prosumer
households with solar battery systems and corresponding scheduling (software) agents.
Multiobjective optimization was employed to modulate alternative operation schedules
of the batteries given different initial levels (quantiles) of forecast uncertainty in reserve
activation parameters, net load, and carbon intensity. Furthermore, an I-EPOS framework
was used to coordinate net load schedules across multiple households in a decentralized
and cooperative manner. Testing of the mathematical model was carried out in the context
of the United Kingdom electricity market environment and evaluated focusing on the
impact and optimality of the cooperation level, assessment of schedule imbalances caused
by forecast errors, and efficiency of frequency reserve provision by residential battery
storages. The evaluation results showed that the cooperation of prosumers with respect to
their planned net load schedule can significantly reduce the expected net load peaks at the
community level. However, the forecast uncertainty of net load decreased the expected
benefits in peak shaving. Moreover, the forecast uncertainty of the reserve activation
parameters had a low impact on the availability of battery storages for self-balancing or
frequency control but contributed to the deviation of their planned energy charge. Overall,
residential battery storages demonstrated high reliability for frequency reserve provision.

Answering the research question RQ3:

RQ3 What are the critical factors of the prosumer operational flexibility allocation fulfill-
ing the system-wide multiobjective objective trade-offs for the preferred flexibility
usage?
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we may conclude that the efficient allocation of the prosumer operational flexibility should
be guided by the following principles:

a. Heterogeneity of prosumer motivations regarding the DER operation mode. For
that, the multiobjective optimization techniques with weighted cost functions of techno-
socio-economic motivations can provide the necessary basis.

b. Dissemination of the flexibility potential to system-level services. The option of
flexibility service provision to the upstream grid should be provided by the design
of the market-led energy governance model and included in the prosumer motivation
modeling.

c. Grid-oriented operation. In that case, coordination based on the cooperative na-
ture provides promising results and sound suitability especially for community-based
structures.

d. Uncertainty-aware planning. The results of this chapter highlight the need to con-
sider imbalance costs resulting from the forecast uncertainties in the formulation of a
local optimization problem.
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6 Conclusions and future work

If you don’t know where you’re going any road will do.

— LEWIS CARROLL

This chapter provides conclusions of this dissertation by briefly recalling the challenges
we addressed, answering the research questions posed, and stating the contributions con-
cerning the challenges. Finally, some suggestions for future work are given.

6.1 Research conclusions

This dissertation studied the flexibility aggregation problem enabling the integration of
local energy systems in the grid-flexibility management and the dissemination of their
operational flexibility value for system-wide benefits and social welfare through the pro-
vision of grid services. Several obstacles for the flexibility aggregation were addressed in
this dissertation with the following research questions.

6.1.1 Research question 1

The lack of technological interoperability between the platforms of the grid-flexibility
management that prevents their interconnection and harmonized interaction was addressed
by the research question RQ1:

RQ1 What are the requirements to enable interoperable technological integration of lo-
cal energy management platforms into the provision of grid-flexibility services?

Answering the research question, we summarized the main interoperability requirements
into functional, information, and communication competencies of the local energy man-
agement platforms. Multiple core applications performing flexibility forecast, flexibility
scheduling, and flexibility verification as well as functionalities supporting data man-
agement and exchange constituted the basic functional requirements. Furthermore, the
information requirements touched upon the messages involved in the flexibility interac-
tions and specified the types and content structure of information objects as well as their
semantic data model in a standard, machine-readable format. Finally, the communication
requirements established the Internet infrastructure and the Web application programming
interfaces as a prevailing option for the market-related message exchange.

The requirements became an input for the design of a smart grid architecture of flexibility
aggregation addressing the interoperability problem with message-oriented middleware.
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In this approach, the middleware was built adopting the principles of the Web of Things
paradigm, in which the flexibility platforms essentially become the Web resources and in-
herit similar properties, such as unique identification, semantic description, and common
interaction patterns of the Web interfaces. In this case, the middleware establishes the
horizontal application-level connectivity among the heterogeneous platforms. Further-
more, the middleware architecture provides the design and implementation of a flexibility
registry as an enabler of automated discovery and uniform access to the flexibility-related
information about local energy systems by the operational platforms of the decentralized
grid-flexibility management. Therefore, the major scientific contribution of this part of
research is an improvement in the conceptual knowledge of flexibility aggregation, which
can be defined as follows:

i. Design of a decentralized smart grid architecture of market-based flexibility aggre-
gation of local energy systems based on the Web architectural principles enabling
technological interoperability between the platforms involved in a grid-flexibility
management.

6.1.2 Research question 2

The neglect of the uncertainty quantification in the energy forecasting applications asso-
ciated with the flexibility service provision that puts the efficiency of decision-making
process at risk was dealt with by the research question RQ2:

RQ2 What are the effective criteria in data-driven characterization of the energy fore-
casting uncertainties arising from the data generating processes associated with
flexibility management?

To answer the research question, we referred to the empirical data obtained from sev-
eral case studies investigating the quality of the predictive uncertainty modeling by deep
learning forecasting models in a variety of application domains and forecasting problems.
In particular, the application domains related to the flexibility management included uni-
variate and multivariate forecasting of reserve activation parameters of a battery storage;
multivariate (spatiotemporal) forecasting of wind and solar generation, market price, and
load consumption at the levels of regional and national power systems, as well as individ-
ual prosumer net load and consumer electricity consumption; and univariate forecasting
of country-wide average carbon intensity.

The first criterion is a recommendation for the usage of quality-driven loss functions for
the uncertainty estimation, including non-Bayesian approaches modeling aleatoric (data)
uncertainty, such as regularized maximum likelihood estimation and multiquantile regres-
sion as well as post-hoc residual simulation that estimates epistemic (model) uncertainty.
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These methods provide sufficient reliability of uncertainty estimation, while the stand-
alone use of the Bayesian variational approximation providing model uncertainty often
cannot guarantee the required level of reliability in the predictive uncertainty; thus, it
should be avoided or applied jointly with other methods. The second criterion originates
from the fact the multidistribution testing applied to the regularized maximum likelihood
estimation can provide an improvement in the forecast quality because of a better ap-
proximation of the predictive distribution. Alternatively, a similar effect can be realized
by mixture density networks with Gaussian mixture models. Finally, the third criterion
deals with multivariate energy forecasting problems and indicates the efficiency of low-
complexity deep learning models combined with a cross-learning technique in forecasting
homogeneous datasets and complex deep learning models in forecasting heterogeneous
datasets. However, some of the latter models showed evidence of a linear dependence on
energy consumption and/or computing memory usage from dataset dimensionality, which
limits the scalability of such models. Therefore, the conducted experimental studies con-
tribute empirically to the knowledge in probabilistic energy forecasting by providing

ii. Quantitative results of deep learning model performance in the probabilistic energy
forecasting of data generating processes assisting in the decision-making of flexi-
bility management.

6.1.3 Research question 3

The disregard of the diversity of prosumer motivations in flexibility usage, including
network-oriented operation and system service provision, and the absence of coordina-
tion in flexibility scheduling, which endanger the efficiency and reliability of the shared
power grid are treated in the research question RQ3:

RQ3 What are the critical factors of the prosumer operational flexibility allocation ful-
filling the system-wide multiobjective trade-offs for the preferred flexibility usage?

Answering this research question, we referred to the formulation and results of mathe-
matical modeling of a local energy system as a cyber-physical system of prosumer house-
holds with solar battery systems and corresponding scheduling (software) agents. From
the prosumer perspective, the crucial factor in the flexibility allocation is to enable hetero-
geneity of motivations in the flexible resource usage to choose from. For this reason, the
mathematical formulation of the prosumer flexibility scheduling in this study leveraged
a multiobjective optimization technique with weighted techno-socio-economic cost func-
tions. From the power system side, dissemination of the demand-side flexibility potential
to system-level services is vital because it prevents isolation of local energy systems from
the grid and disruption of the utility business models. Therefore, this option should be
provided by the design of the market-led energy governance model and included in the
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prosumer motivation modeling. In this study, the upstream grid support was presented by
the frequency control service provided by the prosumer battery storage systems. From the
perspective of the local power grid, an important factor of its efficient operation is coor-
dination of the prosumers’ planned net load schedules. For instance, cooperative coordi-
nation of these schedules with decentralized combinatorial optimization was successfully
applied in this study and reduced the expected net load peaks at the local grid level. In
addition, forecast uncertainty showed to be an important factor because it influenced the
realization of the planned net load schedules demonstrating a reduction in the expected
benefits in peak shaving, while the uncertainty of the reserve activation parameters of
the battery energy storage led to the deviation of their planned energy charge but caused
no significant effect on the reliability of frequency reserve provision. Altogether, these
methodological and empirical contributions enrich the knowledge of prosumer flexibility
scheduling in local energy systems by

iii. Formulation and quantitative results of decentralized cooperative flexibility sche-
duling of a local energy system under individual techno-socio-economic trade-offs
of prosumer flexibility allocation, forecast uncertainty of flexibility management
parameters, and collective motivations for the reliability of a shared power grid.

6.2 Suggestions for future research

In this doctoral dissertation, various contributions were made in three research direc-
tions, including middleware solutions for the interoperable flexibility management, deep-
learning-based probabilistic energy forecasting, and prosumer flexibility scheduling in lo-
cal energy systems, although not all of them were merged together into a single solution.
Naturally, the next step is to further connect the approaches within a single platform-
based ecosystem to enable multidimensional analysis of flexibility aggregation impacts
and strategies for relevant actors. The integrated business platform developed in the
HEILA project according to the architecture in Chapter 3 can serve as the middleware
basis for the ecosystem, while the functionalities presented in Chapters 4–5 can provide
necessary management intelligence on the flexibility provision side.

At the same time, the development of such an ecosystem should consider some additional
research extensions. For instance, mapping of relevant legacy protocols to the interfaces
of the middleware is necessary to promote the message-oriented middleware approach
presented in this study. Interesting future research directions of the energy forecasting
include advancement of feature engineering for the forecasts of the reserve activation pa-
rameters of a battery storage, improvement of the global deep learning models with dis-
tributed and privacy-preserving federated learning, as well as a merger of the numerical
weather predictions into the applied model architectures. In the latter case, multivariate
deep learning can serve as a weather-to-energy mediator that is postprocessing mesoscale
meteorological variables of numerical weather predictions into microscale prosumers’



6.2 Suggestions for future research 125

forecasts, i.e., of rooftop solar photovoltaic generation. Furthermore, the proposed pro-
sumer flexibility modeling framework can be improved in many ways, e.g., by formulat-
ing it as a stochastic optimization problem, modifying the battery degradation model to
reflect the power ramps and depth of discharge, considering the imbalance costs of flexi-
bility service violation, extending the problem to a variety of household energy resources,
and adding the outage forecast for the estimation of the necessary minimum charge state
of the battery storage.

While the abundance of demand-side flexibility provides the means for system operators
and market actors to improve their operational efficiency, flexibility procurement by the
actors with competing or misaligned objectives can undermine the expected outcomes
of their decision-making. In this context, a promising research direction consists of de-
veloping a system-wide coordination framework of demand-side flexibility procurement
that enables collective learning of the beneficial and fair flexibility allocation at multiple
power system levels with a diversity of techno-socio-economic agent objectives. In addi-
tion, the local efficiency of the flexibility coordination can be improved by extending it
to multienergy carriers, i.e., to jointly optimize heat, electric, and transportation energy
demand at various levels and time frames.
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Appendix A: Forecasting model algorithms
Algorithms A.1 and A.2 present the forecast logic of Naïve-1 and Naïve-2 models.

Algorithm A.1 Prediction with Naïve-1 model.

Input: forecast horizon k, look back horizon b, input sequence yi ∈ Rb, vector of forecast
residuals ε ∈ Rb, starting time index t0

Output: prediction mean ŷt0+k, prediction standard deviation σ̂t0+k

1: // Compute prediction standard deviation:

2: σ̂t0+k ← 1
b−1

∑t0
t=t0−b

(
εt − ε̂

)2

3: // Retrieve prediction offset:
4: if k ≤ 24 then
5: o = 24
6: else
7: o = 48
8: end if
9: // Compute prediction mean:

10: ŷt0+k ← yi,t0+k−o
11: return ŷt0+k, σ̂t0+k

Algorithm A.2 Prediction with Naïve-2 model.

Input: forecast horizon k, look back horizon b, input sequence yi ∈ Rb, vector of forecast
residuals ε ∈ Rb, starting time index t0

Output: prediction mean ŷt0+k, prediction standard deviation σ̂t0+k

1: σ̂t0+k ← 1
b−1

∑t0
t=t0−b

(
εt − ε̂

)2

2: if dayofweek(t0 + k) ∈ [Monday, Saturday, Sunday] then
3: o = 168
4: else if dayofweek(t0 + k) ∈ [Tuesday,Wednesday,Thursday,Friday] then
5: if k ≤ 24 then
6: o = 24
7: else
8: if dayofweek(t0 + k) /∈ [Tuesday] then
9: o = 48

10: else
11: o = 168
12: end if
13: end if
14: end if
15: ŷt0+k ← yi,t0+k−o
16: return ŷt0+k, σ̂t0+k
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Algorithm A.3 formulates a prediction process of MARNN model.

Algorithm A.3 Prediction with MARNN model.
Input: input sequence x ∈ Rnt , number attention heads na, vector of attention weights

φ, encoder function f enc(·), decoder function fdec(·), number of decoder cells nc
Output: predicted mean of target variable ŷt+1

1: // Compute encoder hidden states:
2: for t = 1 to nt do
3: ht ← f enc(xt, ht−1)
4: end for
5: // Compute attention vector:
6: a← Concat

(∑na
a=1

∑nt
t=1 φaht

)
7: // Transform attention vector with rectified linear unit activation function:
8: ReLU(a)← [a]+

9: // Compute decoder hidden states:
10: for d = 1 to nc do
11: sd = fdec

(
sd−1,ReLU(a)

)
12: end for
13: // Compute forecasted value of target variable:
14: ŷt+1 ← [sd]

+

15: return ŷt+1

Algorithm A.4 describes a variational inference process with MARNN model.
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Algorithm A.4 Prediction process with variational MARNN.

Input: input sequence x ∈ Rnt , fitted variational MARNN model fω(·), MCD probabil-
ity %, number of MCD iterations nz, number of mixtures nm

Output: prediction mean ŷi,t, prediction standard deviation σ̂
1: // Compute MDN prediction:
2: Θ← {γm, µm, σm}nmm=1 ← fω(x)
3: // Split up the mixture parameters:
4: γm ←

exp (Θγm)∑nm
m=1 exp (Θγm)

; σm ← exp (Θσ
m); µm ← exp (θµm)

5: // Compute mean and variance of MDN prediction:
6: µθ ← 1

nm

∑nm
m=1 γmµm

7: σ2
θ ← 1

nm

∑nm
m=1 γm

(
σ2

m +
∣∣∣∣µm − µθ∣∣∣∣2)

8: // Compute mean and variance with MCD:
9: for d = 1 to nz do

10: µω,d ← steps(2 : 5)← fω
(
x|MCdropout(%)

)
11: end for
12: µω ← 1

nz

∑nz
d=1 µω,d; σ

2
ω ← 1

nz−1

∑nz
d=1

(
µω,d − µω

)2

13: // Compute total mean and variance:
14: ŷi,t ← µ← 1

2

(
µω + µθ

)
; σ̂ ←

√
σ2 ←

(
σ2

ω + σ2
θ

)
15: return ŷi,t, σ̂

Algorithm A.5 delineates a single-step prediction process based on DCC-GARCH model.

Algorithm A.5 Multi-quantile single-step prediction based on DCC-GARCH.

Input: input dataset Y ∈ Rni×nt , fitted DCC-GARCH model fω(·), vector of quantile
levels τ ∈ Rnq , number of random samples nr, look back horizon b, number of
quantile levels nq

Output: quantile predictions Ŷ ∈ Rni×nq

1: // Predict conditional mean and covariance matrix:
2: µ̂ ∈ Rni , Σ̂ ∈ Rni×ni ← fω(Y:,[(t0−b):t0])
3: // Sample random scenarios from a multivariate Gaussian distribution:
4: for t = 1 to nr do
5: Ŷ t ← N (µ̂, Σ̂)
6: end for
7: // Derive the inverse of the cumulative distribution function:
8: for i = 1 to ni do
9: for q = 1 to nq do

10: Ŷ i,q ← F−1

Ŷi,1:nr
(τ q)

11: end for
12: end for
13: return Ŷ
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Appendix B: Battery storage simulation algorithm
Algorithm B.1 provides a control policy for real-time operation of a battery storage.

Algorithm B.1 Real-time control of the battery storage.

Input: pbat
a

?, P
bat
, E

bat
, Ebat, ∆t, ηch, ηdc

Output: pfcr
a , pbat

a

1: Initialize: ebat1 = 0.5E
bat

2: for t = 1:nd do
3: Receive regulation signal pfcrt,a

?

4: pcht,a, pdct,a = 0
5: if pfcrt,a

?
+ pbatt,a

?
< 0 then

6: pcht,a = max[pfcrt,a
?

+ pbatt,a
?
,−P bat

, (ebatt−1,a − E
bat

)/ηch∆t]

7: ∆pbatt,a
? = pbatt,a

? + pfcrt,a
? - pcht,a

8: if ∆pbatt,a
?
< 0 then

9: if pfcrt,a
?
< 0 then

10: if pbatt,a
? − pcht,a ≤ 0 then

11: pbatt,a
?

= pcht,a, pfcrt,a = 0
12: else
13: pbatt,a

?
= pbatt,a

?, pfcrt,a = pcht,a − pbatt,a
?

14: end if
15: else if pfcrt,a

? ≥ 0 then
16: pfcrt,a = pfcrt,a

?, pbatt,a
?

= pbatt,a
? −∆pbatt,a

?

17: end if
18: else
19: pfcrt,a = pfcrt,a

?, pbatt,a
?

= pbatt,a
?

20: end if
21: else if pfcrt,a

?
+ pbatt,a

? ≥ 0 then
22: pdct,a = min[pfcrt,a

?
+ pbatt,a

?
, P

bat
, ηdc(ebatt−1,a − E

bat)/∆t]

23: ∆pbatt,a
? = pbatt,a

? + pfcrt,a
? - pdct,a

24: if ∆pbatt,a
?
> 0 then

25: if pfcrt,a
?
> 0 then

26: if pbatt,a
? − pdct,a ≥ 0 then

27: pbatt,a
?

= pdct,a,pfcrt,a
?

= 0
28: else
29: pbatt,a

?
= pbatt,a

?, pfcrt,a
?

= pdct,a − pbatt,a
?

30: end if
31: else if pfcrt,a

? ≤ 0 then
32: pfcrt,a = pfcrt,a

?, pbatt,a
?

= pbatt,a
? −∆pbatt,a

?

33: end if
34: else
35: pfcrt,a = pfcrt,a

?, pbatt,a
?

= pbatt,a
?

36: end if
37: end if
38: ebatt+1 = ebatt,a − (pcht,aη

ch + pdct,a/η
dc)

39: end for
40: return pfcr

a , pbat
a
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Abstract—Increasing amount of distributed energy resources
necessitates more flexibility at the distribution network level.
One option to attain this flexibility is by aggregation of these
resources within microgrids and further supervisory control of
the latter in active network management. Among other reasons
preventing their realization, these flexibility services lack stan-
dardized information and communication technology solution.
This study assesses the required communication, information,
and functional competences for such services and describes them
by means of a use case modeling on smart grid architecture
model planes. Specifically, the paper focuses on an information
exchange built on the basis of web application programming
interface called Smart API. The results of the study present
a smart grid architecture that would enable real-time control
of microgrid resources in active network management through
flexibility market services.

Index Terms—microgrid flexibility, real-time control, flexibility
services, information exchange interface, smart grid architecture

I. INTRODUCTION

It is generally assumed that the next paradigm shift of
distribution system operators (DSO) management will be
linked with the services of real-time supervision of distributed
energy resources (DER) and their interactions with upstream
networks and markets [1], [2]. Moreover, further development
of information and communication technologies (ICT) and
potential energy market regulation may enable DSOs to use
customer DERs for active network management (ANM) as a
low-cost alternative to traditional management measures [3].
The efficiency of such an approach is found in the ability of
these supply- and demand-based DERs to provide flexibility to
grid operation by altering generation or consumption patterns
in reaction to external signals [4].

In the literature, different methods to connect these flex-
ibility resources to management of the grid through the
operational market services are currently the object of much
study. The underlying principle of much of this research can
be summarized by the concept of flexibility service markets
that represent a platform for activating flexibility trading
and coordination between customers, market actors and grid
operators [5], [6], [7]. One of the main functions of the

This study was carried out within HEILA (Integrated business platform for
distributed energy resources) project that was funded by Business Finland,
funding decision 1712/31/2017.

platform is to improve information exchange about distribution
network capacity within different time-frames between all
actors to guarantee optimal operation of the network as a
whole and enable new innovative energy services. For instance,
the topic of the aggregator selling excessive microgrid reserves
on the flexibility service market is undergoing intense study
[8], [9]. In such a scalable concept, an aggregated portfolio of
grid-connected microgrids with management of multi-energy
resources holds huge potential as a source of up- and down-
regulated flexibility that can be utilized for diverse balancing
and ancillary services [10]. However, most of the research
focuses on individual application of this flexibility rather
than multi-purpose use of the resources [11], [12]. Moreover,
adoption of these services in real-time, which is considered
the most demanding feature, has received little attention [13].
Furthermore, a lack of a standardized ICT solution that would
enable utilization of flexibility services when required, as well
as facilitate situational awareness and concurrency across mul-
tiple market actors and markets, is among the many unresolved
issues that need further investigation [14].

The aim of this paper is to analyze required communication,
information, and functional competencies enabling consistent
real-time control of microgrid resources for flexibility services.
The outcome of this analysis provides a scalable smart grid
architecture for the integration of supply- and demand-side
flexibility services into ANM through flexibility service mar-
ket. In particular, this architecture describes an ICT solution
of an information exchange interface that facilitates real-time
supervision of microgrid flexibility between the automation
systems of flexibility market actors. The ICT solution is based
on web application programming interface (API) called Smart
API that enables secure and flexible access to the hetero-
geneous environments found in electricity networks using
semantically linked data [15].

The architecture is visualized and examined on the planes
of smart grid architecture model (SGAM) in the form of ICT
analysis consisting of a functional analysis (SGAM Business
and Function layers) and architectural description (SGAM
Component, Information, and Communication layers) [16].
The former identifies functional requirements for the realiza-
tion of a smart grid use case while the latter delivers a technical
solution for the implementation of these functionalities.

978-1-5386-1488-4/18/$31.00 c© 2018 IEEE



II. FUNCTIONAL ANALYSIS

A. Business layer

The business analysis establishes business use cases (BUC)
that describe the realization of the goals of different stake-
holders and that comprise particularly high-level use cases
(HLUC). Microgrid flexibility as a market commodity can
potentially be utilized on different time scales by a variety
of entities for a number of commercial and technical services
[17]. This paper focuses on technical use cases that use
automatic control of microgrid flexibility within the range of
milliseconds to minutes to support normal grid operation in
conditions of high DER integration.

The SGAM Business layer, illustrated in Figure 1, includes
the following business actors: the aggregator, microgrid op-
erator (MO), prosumer, DSO, transmission system operator
(TSO), flexibility market operator (FMO), and service provider
(SP). The aggregator aims to maximize his own financial profit
by providing a market interface to the microgrid flexibility.
The FMO attempts to ensure a market settlement for the offers
of the aggregator. The MO carries out the technical part of the
procurement of microgrid flexibility by scheduling microgrid
resources so, that maximum amount of flexibility can be
achieved at every given moment. The MO may provide this
resource management service for DER owners (prosumers)
that are aiming to reduce their total energy cost by efficiently
utilizing flexibility. The SP delivers additional forecast and
analysis services to all actors in the flexibility market.

Mutually beneficial cooperation between the above-
mentioned actors forms a BUC called Flexibility Services of
Microgrids. This BUC is divided into HLUCs called System
Balancing and Network Management that describe specific
flexibility services for the TSO and DSO, correspondingly.
Some of these services are already deployed to some extent
in modern grid management and they have led to a reduction
in costs [7]. However, most of the applications presented
in this work focus on future flexibility services that will
become intrinsically viable in conditions of low-carbonized
electricity supply. The adoption of the services will depend on
many factors including but not limited to the appearance of
corresponding regulatory frameworks, remuneration schemes
encouraging prosumers to participate in these services over the
long-term, the economic feasibility of deployment of these
services from the perspective of the DSO and TSO, and
the ubiquity of DERs. Moreover, a variety of services and
their continuous availability in the flexibility markets will
be essential for their widespread distribution since it will
encourage grid operators to solve more operational challenges
by means of DERs and bring more resources to the market
that are only suitable for a limited number of services.

In what follows, possible near real-time flexibility services
or HLUCs are presented based on the classification of [17]
complemented by material from [18], [19].

1) System Balancing business use cases include opportuni-
ties for cost-efficient procurement of reserves via microgrid
resources. These opportunities are realized in Frequency Con-
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Fig. 1. SGAM Business layer for the Flexibility Services of Microgrids.

tainment Reserve (FCR) use case that utilizes microgrid flex-
ibility to provide the TSO with short-term balancing services
to maintain continuous system stability and security. The FCR
is described in more detail in [20].

2) Network Management business use cases show how
the DSO may use microgrid resources to defer or avoid
network reinforcements, optimize operational performance,
and increase DER hosting capacity while maintaining the
service quality and supply security in the network. This BUC
is exemplified by Congestion Management HLUC that was
highlighted in [19] as a core element of ANM. This HLUC is
further decomposed here in the following sub-HLUCs:

• Volt/VAR Optimization – efficient management of voltage
profiles and reduction of losses in the network.

• Network Restoration – controlled islanding of the distri-
bution network to reduce the duration of interruptions in
power supply in the case of mains failure or blackout as
well as congestion services during a restoration phase.

• Power Flow Optimization – reduction of the variation and
peak in power flows across the network.

Presented in Figure 1 BUCs impose at least two main
requirements for implementation that are the development of
corresponding market regulation frameworks and ICT solu-
tions for real-time control of microgrid flexibility. The latter
requirement will be examined in next sections.

B. Function layer

The SGAM Function layer aims to specify the minimum
functionality needed in the microgrids to provide the above-
defined flexibility services. It expands the HLUCs identified in
the business layer by decomposing them into primary use cases
(PUC). The use of microgrid flexibility as a Conditional Re-
Profiling product for congestion management (later on CRP)
was chosen as an exemplary HLUC since it describes well the



core functionalities that guarantee real-time controllability and
observability of microgrid flexibility for logical actors (LA)
involved.

The CRP use case, presented as a sequence diagram in
Figure 2, shows exchanged general information objects (IO)
and can be divided into market and technical processes based
on operation time. The market process starts when the MO
delivers a flexibility forecast to the aggregator. The latter
continuously estimates the aggregated flexibility of all mi-
crogrids and, based on the market price forecast, calculates
optimal bids in the flexibility market. Meanwhile, if the DSO
forecasts a voltage or current congestions, it requests the list of
flexibility offers from the FMO. Having checked the technical
and economic feasibility of these offers, the DSO purchases
some of the offers from the flexibility market. The FMO
executes market clearing and sends reserve notification to the
aggregators and the DSO. The aggregator then notifies the MO
about the purchased flexibility volume, and the MO schedules
the resources to guarantee requested amount of the reserves
for the specified period of time.

During the technical process the DSO constantly estimates
the state of the network in real-time and utilizes optimization
algorithms to solve congestions by utilizing microgrid flexi-
bility. As soon as the optimum microgrid flexibility is found,
the DSO sends activation commands to the microgrids through
the aggregator. Then, MO should spread these commands to
microgrid resources and deliver verification of the applied
actions to the DSO through the aggregator.

Figure 3 depicts the SGAM functional layer for the technical
part of CRP use case with a focus on microgrid functionality
that is briefly introduced by the following PUCs:

• Flexibility Forecast – quantifies the flexibility of the
microgrid resources during a particular time interval.

• Flexibility Scheduling – schedules the microgrid re-
sources in order to realize network management com-
mands from upper-level automation systems within the
operational limits of the microgrid network and the
individual DERs.

• Flexibility Verification – verifies the activation of reserved
flexibility by comparison of set and activated flexibility.

• Flexibility Acquisition and Control – gathers the mea-
surements from the microgrid resources to coordinate
their operation according to the scheduled plan, imple-
ment flexibility forecast and verification.

• Data Management – contains the logic of the system
operation, handles the data transition and aggregation
within the functions of the system, and interacts with a
database retrieving, storing, and harmonizing the data.

• Data Acquisition and Transmission – provides an in-
formation exchange interface for communication with
external actors, processes input data, and translates data
models between internal and external standards.

This microgrid functionality can be implemented in both
centralized and distributed manner. The former assumes that
the MO has access to all the meta-data information about
the microgrid resources required to perform the full range of
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the above-presented functions. Consequently, lower level LAs
are only capable of sharing the measurements and executing
the control commands of the MO. However, in distributed
manner the MO would have only functionality related to data
management, acquisition, and transmission, while lower level
LAs would perform the flexibility functions on their own.

In Figure 3, the location of the functions reflects the level
of the interactions between the LAs. For example, Flexibility
Control and Acquisition is the function of the MO that is lo-
cated in station zone and exerts influence on field devices. This
dependence causes position of the function at the intersection
of the station and field zones. The same logic is applied to the
positions of the other functions.



III. ARCHITECTURAL DESCRIPTION

The ICT architecture of the information exchange interface
for microgrid flexibility services is presented in Figure 4 and
described in the form of SGAM Information and Communi-
cation layers mapped over the Component layer.
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Field
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DMS
network
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Fig. 4. SGAM architecture view of the CRP use case.

A. Component layer

The SGAM Component layer describes an allocation of pre-
viously derived functionalities to hardware devices. The main
components of the SGAM layer are aggregator management
system (AMS), distribution management system (DMS), and
microgrid management system (MGMS).

The network topology of a microgrid can be decomposed
into three layers. The lower level of microgrid topology
corresponds to the field zone of the SGAM and contains
sensors and actuators. These field zone devices sample the
data and implement control commands of middle level de-
vices, exemplified in Figure 4 as DER IED (DER intelligent
electronic device) and CEMS (customer energy management
system). The middle level devices match the station zone of
the SGAM and, in practice, they are server-class hardware
that may contain time series databases and data acquisition
and control logic. Moreover, these devices may contain an
embedded energy management system for the implementation
of flexibility functions in case of the distributed manner. The
MGMS is located at the intersection of station and operation
zones and represent the upper level of the microgrid topology.
The MGMS is also a server-class hardware and includes all
the flexibility service functionalities specified for the MO in
Figure 3 above Flexibility Control and Acquisition.

B. Information layer

The SGAM Information layer aims to define the information
to be transferred between the MGMS and AMS as well as
specify the data models used for this information.

The information on the lower and middle levels of the
microgrid topology contains standard data for meter reading

and control commands. The data model standards for such
data exchange may be extensively used IEC 61850-7-4, IEC
62056-62, and IEC 60870-5-101.

The upper-level exchanges of information are built with
linked semantic data sets realized in Smart API that cover
concepts from the smart grid domain and can be also used to
express measurements. Such data sets may contain quantities,
units, dimensions, and data types (QUDT) ontology, Smart
API ontology, and a common information model (CIM) with
a XML (eXtensible Markup Language) syntax.

The upper-level data exchange of the MGMS includes fol-
lowing general IOs that may group several different messages
or actually used in messaging between actors:

• Flexibility Forecast – microgrid report that contains the
aggregated PQ profile (active and reactive power profile)
of the microgrid with limits for possible adjustments
during the forecasting time.

• Reserve Notification – submitted bids of the flexibility
service market that contain the PQ profile specified for
the microgrid.

• Reserve Activation – real-time set point for the purchased
microgrid PQ profile.

• Reserve Verification – microgrid report that reflects the
activation of reserved resources and acts as a ground for
the payment process.

C. Communication layer

The SGAM Communication layer shows the organization
of communication between the microgrid components on
different topology layers. On the field level, IEC 61850-
9-2 and Modbus protocols that enable interfaces for meter
reading and control may possibly be deployed depending
on the existing microgrid infrastructure. The corresponding
protocols will define the most suitable type of technology for
the communication network between the field zone devices
and station zone devices. Local area networks (LAN), virtual
LAN (VLAN), open virtual private networks (openVPN), and
many other technologies may be used for this purpose. As an
example, private VLANs with restricted public network access
are presented in Figure 4.

In addition to the protocols of the field layer, the com-
munication of the middle layer devices within the station
zone may be also built with the use of such protocols
as IEC 60870-5-105 and DLMS (device language message
specification)/COSEM (COmpanion Specification for Energy
Metering) as it is illustrated in the Figure 4. Moreover,
hypertext transfer protocol (HTTP) can be used for CEMS.
The interactions within the station layer are organized as
cycled requests of the client (MGMS) to servers (DER IEDs
and CEMSs) through the microgrid VLAN (MG VLAN).

A similar approach with a more secure version of HTTP,
i.e. HTTP Secure (HTTPS) over the semantic Smart API,
is proposed for communications within the upper level. The
use of HTTPS is motivated by the need to secure the data
within the public network and MG VLAN, which has public
network access. In the proposed solution, one device may



be both a HTTPS client and a HTTPS server depending on
the purpose of the interactions. For example, the MGMS is
a Smart API client for the AMS during Flexibility Forecast
and Reserve Verification but a Smart API server for the AMS
during Reserve Notification and Activation interactions.

Smart API also supports MQTT over TLS (message queuing
telemetry transport over transport layer security) protocol that
is based on a subscription model. When the time of the
information availability is varying, the MQTT over TLS may
be more useful than HTTPS since the client just listens specific
topics and receives the information right after it is available
instead of continuous polling. In this case, the AMS could
execute a role of a broker that spreads the messages between
the publishing and subscribing clients (DMS and MGMSs) as
the situation requires.

The advantages of Smart API as an interface for remote
control and measurement applications include its suitability
for integration into large-scale entities, support of transactions,
and semantic data definition. The use of Smart API also
increases the reliability of secure HTTPS links and MQTT
over TLS interactions since Smart API messages can be further
encrypted and signed for each message. All these features
make Smart API a well suitable for the information exchange
interface of the flexibility services described.

IV. CONCLUSIONS

The goal of this study was to investigate required commu-
nication, information, and functional competencies enabling
real-time control of microgrid resources for flexibility services.
In order to reach this goal, the ICT analysis consisting of func-
tional analysis and architectural description was implemented
on the SGAM.

The ICT analysis has allowed establishing the smart grid
architecture for an introduction of flexibility services into
management of grid operators. The findings of functional
analysis enhance understanding of the motives of potential
flexibility market actors to provide and acquire flexibility
services. In particular, a spectrum of near real-time services
that microgrid resources may deliver for the DSO and TSO
management is identified. Furthermore, the analysis presented
the overall structure of interactions between the flexibility
market actors for the CRP use case and specified the minimum
functionality of microgrid management for flexibility services.
The architecture description has presented an ICT solution that
can realize the functionality of identified flexibility services.
The ICT solution relies on semantic web API and delivers
common information exchange interface that supports inter-
operability between flexibility market actors. Further research
needs to examine the efficiency and reliability of the proposed
ICT solution in real environments.

In addition, this research has brought up many other ques-
tions in need of further investigation. One such question is
the efficient validation of flexibility services among flexibility
market actors where activation of one service would not violate
the operation mode of other actors and would not provoke a
need for additional flexibility services.
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ABSTRACT 

A lack of multi-level connectivity between the management 

systems of smart grid actors and cyber-physical systems of 

distributed energy resources (DERs) impedes transition 

toward decentralized grid architecture driven by active 

network management. This article focuses on Web of 

Things (WoT) concept as a possible enabler of uniform 

machine type access to DERs. The results of the paper 

provide a blueprint of WoT adoption patterns in smart grid 

domain through the example of microgrid management 

system (MGMS). Moreover, this article delivers work-in-

progress implementation of the metadata registry that 

facilitates the automated service-oriented discovery of 

MGMSs by aggregator management systems for purposes 

of market and grid.  

INTRODUCTION 

Electric power system is at the rise of fundamental 

conceptual and structural evolution provoked by rapid 

penetration of distributed energy resources (DERs). Under 

scenario of high DER adoption level, this transition could 

culminate into decentralized smart grid architecture which 

operation is dynamically driven by multi-party market 

transactions between cyber-physical systems of customer 

DERs and centralized management systems of market 

actors and grid operators [1]. A key operational 

commodity of such transactions would be DER demand 

and supply-side flexibility utilized to provide grid stability, 

network support, market actor optimization, and customer 

energy security. In order to harness the value of DER 

flexibility under conditions of high-level modularity of 

physical grid, tight market coupling, and hardware 

heterogeneity, an advanced multi-level communication 

connectivity among the aforementioned systems is critical.  

 

Such connectivity could be attained with Web of Things 

(WoT) concept that is a further refinement of Internet of 

Things (IoT) vision and aims to overcome the barriers 

between the constrained networked environments to 

enable flexible data exchange between multiple domains 

for the composition of more complex services and 

solutions [2]. Web of Things addressed the interoperability 

issue by establishing a horizontal application-level 

connectivity between heterogeneous devices and systems 

through Web technologies. This bridging through open 

web application programming interfaces (APIs) creates a 

generic abstraction layer over vertical technological silos 

and facilitates the interactions and services independent of 

the underlying standards, communication protocols, and 

data formats [3]. However WoT vision continues evolving, 

World Wide Web Consortium (W3C) characterizes an 

adoption of the core architectural principles of the Web for 

the WoT as the utilization of semantic annotations based 

on linked data vocabularies (ontologies) for describing the 

Things, Unified Resource Identifiers (URIs) for 

identifying Things and dereference machine-interpretable 

descriptions of Things, and standard application protocols 

for accessing the Things [4].  

 

This paper extends WoT vision to the domain of 

decentralized smart grid to establish a seamless, 

autonomous, and interoperable environment of technically 

and economically interconnected systems introduced in 

HEILA (Integrated Business Platform of Distributed 

Energy Resources) platform [5]. In particular, this article 

focuses on microgrid management system (MGMS) 

presented in [6] and demonstrates its architecture in the 

context of WoT design patterns.  Moreover, the paper 

describes work-in-progress implementation of metadata 

registry enabling dynamic integration and unambiguous 

identification of MGMS in the platform environment as 

well as automated discovery and uniform access to MGMS 

by the aggregator management systems (AMSs). The 

results represent a promising example of plug-and-play 

market integration of DERs for provision of diverse 

flexibility services in decentralized smart grid architecture 

via autonomous machine communications based on Web 

technologies. 

 

The paper structure is divided into two sections as follows. 

First section describes MGMS architecture based on the 

W3C guidance for WoT concept that includes Servient 

structure, Thing Description (TD), and communication 

connectivity patterns.  Second section is devoted to the 

implementation of metadata registry where assumptions, 

registry layered architecture, software components, and 

security measures are introduces.  Finally, conclusion is 

given and future work is presented at the end of this paper. 
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MGMS BLUEPRINT FOR WOT 

MGMS Servient Connectivity  

In WoT the physical Thing is represented by its virtual 

abstraction called “WoT Servient” that combines the 

functionalities of both server and client, provides all access 

and control functions of the web resource, and exposes its 

interfaces to the network [4]. The building blocks of WoT 

Servients adopted in HEILA platform for management 

systems of microgrid resources can be seen from Figure 1. 

The logic of Servients is embedded in Application Scripts 

composed of microgrid functionality described in SGAM 

Functional Layer in [6]. The scripts are executed in an 

event-loop based state-machine defined in WoT as 

Runtime Environment. Scripting API is implemented with 

Smart API [7] that interprets and manages the lifecycle of 

all the application scripts. Moreover, Smart API also 

employs client and server APIs bound to HTTPS and 

MQTT protocols to interact between the platform 

Servients. Also, system APIs of proprietary and industry 

protocols are used to communicate with legacy devices. 
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Figure 1. Connectivity patterns for microgrid systems. 

 

Moreover, Figure 1 depicts possible WoT connectivity 

blueprint for the use case of MGMS orchestrating lower-

level DER, customer, and building management systems 

(DERMS, CEMS, and BEMS respectively) for active 

network management. In the use case MGMS is defined as 

Cloud Proxy Servient with a globally reachable address to 

interact with higher-level AMS and remotely access 

restricted lower-level systems. CEMS Gateway Servient is 

introduced as a case for home automation and/or home 

energy management. This Servient provides to MGMS 

Servient a universal device accessing method and also 

wraps various mechanisms for communicating with 

proprietary devices of consumer electronics. Scenario for 

DERs owned by an organization is described by BEMS 

Local Proxy Servient. In this case DERs are usually reside 

in a local protected network behind a Corporate Firewall. 

In this configuration BEMS and MGMS Servients act as a 

combined “Split Proxy” and communicate over secure 

channels. A final case corresponds to DERs that could be 

owned by a community such as local PV farm or battery 

energy storage. The communication with these DERs is 

built through a secure tunnel (such as an SSH tunnel) 

between the DERMS Gateway and MGMS endpoint in the 

cloud using proprietary or industry protocols.  

MGMS Thing Description 

The basic structure of W3C TD consists of semantic 

metadata describing the Thing itself, an interaction model 

based on WoT’s Properties, Actions, and Events paradigm, 

a semantic data schema, security mechanisms, and features 

for linked data representation [4]. The main idea of TD for 

MGMS presented in Listing 1 is to highlight the most 

essential categories that would be enough for AMS to 

make primarily filtering of microgrids for the required 

flexibility services and gain the instruction for their access. 

For this reason, MGMS TD includes aggregated 

capabilities of microgrid DERs for supported flexibility 

services, MGMS access interfaces for these services, and 

location of the microgrid in the network. MGMS TD is 

semantically described with RDF data model 

predominately with Smart API ontology which was 

internally enriched for the platform testing purposes by 

new entities mostly related to the anticipated organization 

and terminology of decentralized smart grid architecture. 

RDF is encoded in Turtle format but can be also converted 

to JSON-LD or RDF/XML. This TD is not an exhaustive 

but rather minimum requirement description while more 

comprehensive data models can be found in [8]. 

 

MGMS TD starts with a list of ontologies which URLs are 

replaced by prefixes in further annotations. It is followed 

by Green Campus MGMS entity with globally unique 

identifier URI <lutmicrogrid.fi/mgms>. The URI scheme 

is omitted since it would misleadingly highlight one of the 

protocols in MGMS identifier. The locational availability 

of the physical microgrid within the power network is 

distinctively described with Electric Connection entity 

under </connection> path. It is also declared that the 

MGMS manages Battery Energy Storage, Photovoltaic 

Panel, and HVAC and offers Conditional Re-Profiling 

(CRP) service. Maximum parameters for resource 

availability of CRP service are declared by Resource 

Flexibility entity under the </resource> path and 

exemplified for CRP by active power and electric energy. 

However, in order to identify temporal values of MGMS 

resource flexibility for CRP service and potentially reserve 

it, AMS has to utilize MGMS interface capabilities such as 

flexibility, reserve notification, and verification with 

necessary access details (topics, ports, etc.). Flexibility 
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entity corresponds to the Action type in WoT and defines 

how to request available microgrid flexibility for CRP 

service from the MGMS via HTTPS. Reserve Notification 

and Verification Notification entities correspond to the 

type of Event in WoT. Reserve Notification sequentially 

follows the Flexibility request and plays the role of 

transaction for the service booking but it is not described 

here for the sake of space. Verification Notification is 

required to verify the provision of booked service. Both 

notifications are designed with MQTT protocol following 

request-response pattern through Initialization and 

Request phases. Initialization requires from AMS to 

subscribe to the Response topic of MGMS considering that 

MGMS subscripted to its own Notify topic. AMS activates 

Request phase by publishing request under MGMS Notify 

topic that in its turn triggers MGMS to publish requested 

info under Response topic. Moreover, MGMS TD also 

adopts Smart API standard paths for the interactions with 

previously unknown systems. The </discover> path states 

the standard capability to request the TD directly from the 

entity while </authorize> path listed here under Data 

Availability condition specifies the authorization 

requirements for gaining access to the system data. 

 
@prefix ns1: <http://smart-api.io/ontology/1.0/smartapi#> .

@prefix ns2: <http://data.nasa.gov/qudt/owl/qudt#> .

@prefix rdf: <http://www.w3.org/1999/02/22-rdf-syntax-ns#> .

@prefix rdfs: <http://www.w3.org/2000/01/rdf-schema#> .

@prefix xml: <http://www.w3.org/XML/1998/namespace> .

@prefix xsd: <http://www.w3.org/2001/XMLSchema#> .

<microgrid.fi/mgms/access> a ns1:MicroGridManagementSystem ;

rdfs:label "GreenCampus"^^xsd:string ;

ns1:hasAvailability </connection> ;

ns1:hasCapability </discover> ;

ns1:hasDataAvailability </authorize> ;

ns1:manages </BESS>, </PV>, </HVAC>;

ns1:offersService [ a ns1:ConditionalReProfiling;

ns1:hasAvailability </resource> ;

ns1:hasCapability </flexibility>, </reservenotification>, </verification> ] .

</BESS> a ns1:BatteryEnergyStorage .

</PV> a ns1:PhotovoltaicPanel .

</HVAC> a ns1:HVAC.

</connection> a ns1:ElectricConnection ;

ns1:valueObject [ a ns1:NationalEnergySystem; rdf:value "Finland" ],

[ a ns1:FlexibilityAreaID; rdf:value "FIN1" ],

[ a ns1:SecondaryTransformerID; rdf:value 3234 ],

[ a ns1:PCC; rdf:value 342133 ].

</resource> a ns1:ResourceFlexibility ;

[ a ns1:ElectricEnergy; ns2:quantityKind ns1:CapacitiveElectricalEnergy ;

ns2:unit <http://data.nasa.gov/qudt/owl/unit#Kilowatthour>; rdf:value 100 ],

[ a <http://data.nasa.gov/qudt/owl/quantity#Power>; ns2:quantityKind ns1:ActivePower ;

ns2:unit <http://data.nasa.gov/qudt/owl/unit#Kilowatt>; rdf:value 100 ] .

</flexibility> a ns1:Action ;

ns1:entity [ a ns1:Flexibility ;

ns1:valueObject [ a <ID> ; ns1:dataType ns1:string ],

[ a <Type>; ns1:dataType ns1:string ],

[ a <Power> ; ns2:quantityKind ns1:ActivePower; ns2:unit ns1:Watt ],

[ a <Start>; ns1:dataType ns1:dateTime ],

[ a <Stop> ; ns1:dataType ns1:dateTime ] ] ;

ns1:interface [ a ns1:InterfaceAddress ;

ns1:contentType "text/turtle"^^xsd:string ;

ns1:host “lutmicrogrid.fi"^^xsd:string ;

ns1:parameter [ a ns1:Parameter; ns1:key "httpMethod"; rdf:value "POST" ] ;

ns1:path "/access"^^xsd:string ;

ns1:port 8080 ;

ns1:scheme "https"^^xsd:string ] ;

ns1:method ns1:Read .

</verification> a ns1:Event ;

ns1:timeSeries [ a ns1:VerificationNotification ;

ns2:quantityKind ns1:ActivePower; ns2:unit ns1:Watt; ns1:list [ ] ;

ns1:temporalContext [ a ns1:TemporalContext ;

ns1:parameter [ a ns1:Parameter ; 

ns1:key "http://purl.org/dc/terms/hasFormat" ;

rdf:value xsd:dateTime ] ] ] .

ns1:interface [ a ns1:Initialize ;

ns1:parameter [ a ns1:Parameter; ns1:key "mqttMethod"; rdf:value "subscribe"], 

[ a ns1:Parameter; ns1:key ns1:topic; rdf:value "microgrid.fi/mgms/access/Response"],

[ a ns1:Request ;

ns1:parameter [ a ns1:Parameter; ns1:key "mqttMethod"; rdf:value "publish" ],

[ a ns1:Parameter; ns1:key ns1:topic; rdf:value "microgrid.fi/mgms/access/Notify"] ] ;

ns1:method ns1:Read ;

 
Listing 1. MGMS TD described with RDF model.   

METADATA REGISTRY 

In distributed WoT environment to be visible Servients 

access Registry Directory that acts as a ‘phonebook’ to 

declare their TDs and discover Servients of interest based 

on the semantic meaning of TDs. The same idea is realized 

in the proposed metadata registry for autonomous 

interactions between the MGMSs and AMSs. 

Assumptions 

An architecture of the metadata registry is based on the 

assumption of high DER adoption level that would lead to 

development of distribution level flexibility market 

platforms, local energy markets and increased amount of 

self-sufficient energy cells and/or microgrids. Such 

assumption suggests the division of the registry at the level 

of MGMS into two layers. A low-level registry 

corresponds to the internal interactions within MGMS 

environment while the upper-level is meant for the 

external interactions between MGMS and management 

systems of market actors such as AMS. The idea of such 

registry organization is based on finding the adequate 

querying discovery mechanism and efficient metadata 

storage principle considering clustering of the flexibility 

services for global, regional, and local market 

perspectives.  

Architecture  

Upper-level registry architecture presented in Figure 2 was 

implemented as unilingual multi-database application 

based on the bottom-up design principles described in [9]. 

As a point of failure for the autonomous environment it is 

designed to provide continuous reliability, scalability, and 

availability even at times of high loads. The architecture 

has a layered structure divided into Mediator, Wrapper, 

and Database layers and was built as a multi-container 

Docker application. 

 

The client request messages come from the IP-

infrastructure (Internet) to the registry through NGINX 

web server which configuration combines the functionality 

of Reverse Proxy and Load Balancer. Reverse Proxy 

handles incoming Transport Layer Security (TLS) 

connections and decrypts the TLS to pass the unencrypted 

request to the Load Balancer that in its turn distributes the 

requests to web servers in the Mediator layer. Moreover, a 

secondary NGINX web server exists that listens heartbeat 

of the primary to prevent registry failure at the entry point. 

 

The registry Mediator level represents scalable cluster of 

Web Application Servers, which primary tasks are request 

distribution among downstream Database Servers and 

request payload decryption. Request distribution starts 

with identification of request type between MGMS 

registration and AMS search requests. The former assumes 

that the request will be redirected to the Database Server 

dedicated to the flexibility area stated in MGMS TD while 

the latter requires investigation about the type of the 
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service request. It is assumed that all available for the 

request MGMS flexibility services are divided into global 

and regional categories that correspond to the System 

Balancing and Network Management sub use cases of the 

SGAM Business layer in [7]. If the request is for regional 

category, then the value of this service has direct 

dependence on microgrid location, and the request is 

redirected to the Database Server related to the requested 

flexibility area. On the other hand, locational dependence 

is not the case for global services, and in case of this 

request Web Application Server makes asynchronous 

requests to all available servers in the Wrapper layer.  

 

Cluster Node

Internet

…

Graph 

Database

Reverse Proxy with TLS 

Termination and Load BalancerFailover

Mediator layer

…

……

…

Graph 

Database
Graph 

Database

…

Database Cluster

Wrapper layer

Database layer

HTTP requests

HTTPS requests

Redis protocols

Encrypted payload 

Unencrypted payload 

Database Server

Web Application Server

Cluster Node

Database ServerDatabase Server

Web Application ServerWeb Application Server

Cluster Node

Flexibility AreaFlexibility AreaFlexibility Area

 
Figure 2. Registry architecture.  

 

The Wrapper layer consists of several Database Servers 

and performs all the manipulations related to the request 

transformation from Smart API objects to the data 

structure appropriate for storing and backwards. The data 

from the request processed by the Database Server is used 

to make read and write queries to the Database layer. Both 

Mediator and Wrapper layers are implemented with Flask 

micro web framework with configuration supporting 

multithreading and asynchronous requests.   

 

The Database layer consists of database structures 

corresponding to dedicated flexibility areas where each 

structure includes two database types that are Graph and 

Binary Object Database. The Graph Database is specified 

to mirror physical medium voltage grid nodes and lines of 

the corresponding flexibility areas as graph nodes and 

edges. Labeled property graph structure illustrating this 

approach is depicted in Figure 3. When the MGMS is 

registered, it is connected to the graph based on the 

flexibility area ID, secondary transformer ID and Point of 

Common Coupling (PCC) ID as a distinguisher between 

MGMSs connected to the same transformer. It is assumed 

that such graph organization of the registry would allow to 

reflect the state of the power grid meaning that every grid 

reconfiguration would modify the graph structure and 

predetermine service search results. Described Graph 

Database is implemented with Redis graph module, and 

queries to the graph are done with Open Cypher language. 

The example of AMS query for CRP service is illustrated 

in Listing 2. Since the data used for MGMS representation 

and search in the graph do not require most of the data 

available in TDs, the latter are fully replicated in Binary 

Object Database which is implemented with high-

performance Redis cluster having linear scalability. Every 

flexibility area has a dedicated master node (marked red in 

Figure 3) that is responsible of a subset of the cluster hash 

slots and backed up by one replication node (marked gray 

in Figure 3). In order to be stored, TD is initially pickled 

and stored in the Cluster Node based on the MGMS URI 

that is transformed by hash function to the corresponding 

hash slot. Furthermore, when URIs of MGMSs satisfying 

to the AMS search query are identified by the Graph 

Database, these URIs serve as keys to retrieve MGMS TDs 

from the Binary Graph Database. 

offersServiceisConnectedTo

Flexibility Area Medium voltage grid nodes

MGMS coupling to the grid graph

…

 
Figure 3. Property graph description. 

 

 
Listing 2. Open Cypher query for CRP service. 

MATCH (n:node)-[:isConnectedTo]->(m:mgms)-[:offersService]->(s:service) \

WHERE s.type=‘ConditionalReProfiling’, s.a_power >=100, n.number =3234 \

RETURN m.uri
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Security 

Cyber-security becomes important, and security measures 

must be applied in order to mitigate the risks and protect 

data against cyber-security attacks. In the registry 

implementation TLS provides point-to-point security to 

the Reverse Proxy by the session keys and TLS record 

protocol, which guarantee data integrity and 

confidentiality. In addition, payload encryption adds 

another security mechanism (end-to-end security) between 

the external requester and the registry Mediator layer. This 

payload encryption is implemented as a combination of 

symmetric and asymmetric key encryption schemes and 

described in Figure 4 based on the interactions of Registry, 

MGMS, and AMS. An initial condition is that every 

MGMS and AMS have their own asymmetric key pairs 

and possess registry public key (PK). When MGMS is 

sending the register request, it encrypts the registration 

payload with the registry PK. Having received MGMS 

register request, registry decrypts it with own private key 

and generates symmetric key (SK) for further Registry-

MGMS interactions. This SK is sent to the MGMS 

together with the registration acknowledgement encrypted 

with MGMS PK. The same approach is used by AMS to 

interact with the registry using Registry-AMS SK. 

Moreover, when AMS requests MGMS search, the 

registry sends response to the AMS consisting of found 

MGMS TDs and attached to them SK pairs that are further 

used by AMS to interact with filtered MGMSs. For 

instance, if MGMS receives request from AMS it cannot 

decrypt the request payload until it fetches the registry for 

corresponding MGMS-AMS SK pair. Thus, this 

mechanism of environment interactions via the registry 

extends the role of the registry as a trust authority by 

provision of encryption key management.  

 

Registry MGMS AMS

Generate MGMS TD
Register Request encrypted 

with Registry PK + MGMS PK

Registration, generate 

Registry – MGMS SK

ACK encrypted with MGMS PK

+ Registry – MGMS SK

Searching MGMS TDs,

SK to MGMS – AMS

Flexibility Request encrypted 

with AMS – MGMS SKMGMS–AMS SK Request encrypted

with Registry – MGMS SK

Retrieving MGMS – AMS SK pair

MGMS – AMS SK Response 

encrypted with Registry – MGMS SK

Flexibility Response encrypted 

with AMS-MGMS SK

S
ea

rc
h

R
eg

is
te

r
A

cc
es

s

MGMS Search Request encrypted with Registry – AMS SK

MGMS TDs encrypted with Registry – AMS SK + AMS – MGMS SK pairs

 
Figure 4. Registry encryption key management. 

CONCLUSION 

The article provided a blueprint for WoT concept adoption 

in smart grid domain through the example of MGMS 

illustrating MGMS Servients connectivity structure and 

building blocks of and MGMS TD. Moreover, work-in-

progress metadata registry implementation was 

demonstrated as scalable, secure, and reliable solution of 

MGMS discovery by AMS for diverse market and grid 

flexibility services in autonomous machine environment. 

The application of the registry could be extended to 

MGMS interactions with other smart grid actors to 

eventually become one of the enablers for machine-driven 

flexibility market infrastructure. 

 

Future work should investigate how graph theory could be 

applied to the registry graph database queries to carry out 

optimization search algorithms for MGMS discovery. 

Furthermore, including dynamic data about temporal 

service availability of flexibility resources into MGMS 

graph description should be researched to find a 

compromise between pros of this solution for minimizing 

AMS communication load during search of flexibility 

services and cons of the environment centralization. 
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Probabilistic Forecasting of Battery Energy Storage

State-of-Charge under Primary Frequency Control
Aleksei Mashlakov, Lasse Lensu, Arto Kaarna, Ville Tikka, and Samuli Honkapuro

Abstract— Multi-service market optimization of battery energy
storage system (BESS) requires assessing the forecasting uncer-
tainty arising from coupled resources and processes. For the
primary frequency control (PFC), which is one of the highest-
value applications of BESS, this uncertainty is linked to the
changes of BESS state-of-charge (SOC) under stochastic fre-
quency variations. In order to quantify this uncertainty, this
paper aims to exploit one of the recent achievements in the field
of deep learning, i.e. multi-attention recurrent neural network
(MARNN), for BESS SOC forecasting under PFC. Furthermore,
we extend the MARNN model for probabilistic forecasting with
a hybrid approach combining Mixture Density Networks and
Monte Carlo dropout that incorporate the uncertainties of the
data noise and the model parameters in the form of prediction
interval (PI). The performance of the model is studied on
BESS SOC datasets that are simulated based on real frequency
measurements from three European synchronous areas in Great
Britain, Continental Europe, and Northern Europe and validated
by three PI evaluation indexes. Compared with the state-of-the-
art quantile regression algorithms, the proposed hybrid model
performed well with respect to the coverage probability of PIs
for the different regulatory environments of the PFC.

Index Terms— Attention-based neural network, battery energy
storage system (BESS), frequency control, mixture density net-
works, Monte Carlo dropout, prediction intervals, probabilistic
forecasting, state-of-charge (SOC).

I. INTRODUCTION

B
ATTERY Energy Storage Systems (BESSs) are consid-

ered as one of the essential building blocks for a transi-

tion towards more sustainable and intelligent power systems.

A wide spectrum of system- or grid-oriented BESS appli-

cations [1] includes an integration of renewable generation,

energy arbitrage, local grid support, and system balancing,

just to name a few. A comprehensive management of these

applications enables more flexible, reliable, and resilient grid
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operation capable to handle growing system intermittency and

complexity caused by the increasing penetration of renewables

and distributed energy resources. It is expected that the costs of

stationary and mobile BESSs will continue falling triggering

more utility- and residential-scale BESS adoption at different

grid levels and for a variety of services [2], [3]. Consequently,

new business cases arise for sophisticated analysis and control

of BESSs and provoke a substantial body of research that aims

to optimize battery operation for boosting economic benefit

from all available revenue streams.

A simultaneous provision of multiple services is one of

the most common approaches in order to achieve maximum

profitability and return on investment from a standalone battery

storage. In most of the service combinations summarized

in [4], the value stacking from multiple revenue streams is

achieved by a service coupling with different requirements

such as combining power and energy intensive services, active

and reactive power services, or different service timescales.

A decision-making process for finding the optimal combina-

tion and capacity allocation across the benefits of multiple

services is naturally formulated as an optimization problem.

This optimization for BESSs is difficult because of complex

dependencies and uncertainties of different factors such as

market profitability, BESS operational costs, coupled resource

power output, etc. Therefore, the success of the BESS oper-

ational strategies is strongly dependent on the knowledge of

these uncertainties at multiple timescales.

The probabilistic forecasts are considered to be a robust tool

for the risk management and efficient decision making under

the presence of uncertainties [5]. These forecasts are quantified

in the form of prediction intervals (PIs), scenarios, density

functions, or probability distributions that allow assessing

the uncertainty in the forecasts. This approach facilitates the

limitations of traditional point forecasts that define only the

conditional mean of the signal and are restricted by very

limited information about the forecast uncertainty, as well

as sensitivity to forecast errors and unexpected events [6].

The increased popularity of the probabilistic forecasting in

comparison to point forecast highlighted in [7] is also seen

in an energy industry. Recent applications of the univariate

probabilistic forecasting methods in smart grids are focused on

the forecasting of electricity market prices [6], [8], renewable

power generation [9]–[11], and electricity load [12], [13].

Reviews of the methods for these applications can be found

in [7], [14]–[16].

The literature in relation to forecasting the behavior of

BESS state-of-charge (SOC) under frequency control is scarce

and restricted by forecasting of grid frequency [17], [18].

0733-8716 © 2019 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
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The complexity of the BESS SOC forecasting incorporates

the stochastic nature of the power system frequency and the

absence of clear spatial information on large macrogrids that

could be used to support the forecasting. Moreover, the fore-

casting algorithm should be capable of achieving acceptable

prediction performance in different regulatory environments.

Consequently, the forecast errors belong to the challenges, and

estimation of these errors is infeasible to achieve with point

forecasts.

The goal of this study is to implement and analyze the

probabilistic forecasting to assess the uncertainty of BESS

SOC under the primary frequency control (PFC). The results

should complement the published work on model predic-

tive optimization of BESS economic dispatch for a provi-

sion of multiple services. The basis for the forecasting is a

multi-attention recurrent neural network (MARNN), a deep

learning framework designed to capture the most relevant

contextual information for sequence forecasting. Moreover,

this framework is extended to realize a variational MARNN

for providing a robust probabilistic forecast. This extension

is implemented with Mixture Density Networkss (MDNs) and

Monte Carlo dropout (MCD) allowing to quantify the forecasts

in the form of the PIs based on the point forecasting and the

error obtained by the uncertainties in the inherent noise in

the data and the model parameters. In order to evaluate the

performance of this hybrid probabilistic forecasting model for

different regulatory environments of PFC, it is tested on BESS

SOC datasets simulated based on real power grid frequency

measurements from three European synchronous areas in

Great Britain (GB) [19], Continental Europe (CE) [20], and

Northern Europe (NE) [21], respectively.

The contributions of this study are described as follows:

(1) An extension of MARNN to implement the variational

MARNN with a hybrid approach combining the MDN and

MCD, incorporating both aleatoric and epistemic uncertainties.

These approaches are appealing due to their scalability and

applicability to any existing neural networks;

(2) Novel application of the variational MARNN for proba-

bilistic forecasting of BESS SOC under the provision of PFC

service. This forecasting approach takes an important step

forward to the optimal decision-making in smart grids under

uncertainties of related processes and can be potentially used

at large scale for a variety of other applications;

(3) Performance validation of the variational MARNN

for probabilistic BESS SOC forecasting in three European

synchronous areas with different droop curve characteristics

of primary frequency control. The validation is done with

multiple PI evaluation indexes and compared with several

quantile regression algorithms that served as the benchmark.

The rest of this paper is organized as follows: Section II

provides background information about the PFC and related

work devoted to the uncertainties of BESS under simultaneous

provision of the PFC along with other services. A theoretical

ground for the deep learning framework with the extension

to probabilistic forecasting, i.e. the variational MARNN with

MCD and MDNs, is described in Section III. In Section IV,

case studies, feature selection process, MARNN model design

and implementation details, benchmark models and criteria to

validate the performance efficiency of probabilistic forecasting

are presented. The results are demonstrated and discussed in

Section V. Finally, the conclusions are drawn and future work

is planned in Section VI.

II. BACKGROUND AND RELATED WORK

This section provides a necessary background information

about the present PFC practices and principles of the BESS

operation under the PFC. Moreover, a brief review of the

research assessing the uncertainty of sub-processes related to

the optimization of BESS performance for PFC along with

other services is introduced.

A. Primary Frequency Control

In the context of power systems, a pursuit of low-carbon

principles is inherent in a displacement of maneuverable fossil-

fuel based power plants by intermittent renewable generation

and, eventually, imposes challenges of more variable supply

and a reduction in system inertia [22]. As a consequence,

the stability of a power system is being endangered by more

frequent and large frequency deviations, and special control

strategies are necessary to compensate for these variations.

Flexible loads and the BESSs are expected to become one

of the main tools to support system stability in the case

of high renewable penetration. Many studies have concluded

the quality of power system frequency is improved with

the integration of these resources for frequency regulation

[23], [24]. Moreover, the same effect has been also demon-

strated by simulating aggregated small-scale BESSs [25].

Frequency regulation is generally implemented in three

levels with primary, secondary, and tertiary frequency con-

trol also referred to as frequency containment reserves

(FCR), frequency restoration reserves (FRR), and replacement

reserves (RR), respectively. A detailed overview of these

services can be found in [26]. This paper is focused on the PFC

that is one of the most common BESS applications due to the

appropriate technical capabilities of the BESS [27] and possi-

bly higher market dividends compared to other services [28].

The PFC is the first resort that is activated to guarantee the

frequency stability of the power system compensating for

the offset between the production and the demand. Each

of the synchronous areas can have different requirements for

the PFC exposed by corresponding droop curve parameters.

The exact values of these parameters have an impact on the

system dynamics that can be seen from different frequency

distributions [29]. The PFC deploys fast-acting automatic

resources that aim to hold the frequency within the dead-band

(DB) limits ∆fdb by responding to the frequency deviations

∆f(t) from the nominal system frequency fN:

∆f(t) = f(t) − fN, (1)

where f(t) is the locally measured frequency at time t. The

response is expressed by the reference BESS power output

PFCR(t) at every moment according to a governing droop
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curve as follows:

PFCR(t)
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, |∆fdb| < |∆f(t)| < |∆fmax|
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FCR

(

∆f(t)

|∆f(t)|

)

, |∆f(t)| ≥ |∆fmax|,

(2)

where ∆fmax is the full activation frequency deviation

(FAFD). A negative frequency deviation below the DB leads

to BESS discharging, while BESS charging is provoked by a

positive deviation above the DB. If the frequency deviation is

within the DB, the power output is equal to zero, otherwise

it is proportionally increased with coefficient ∆f(t)/|∆fmax|
until the full activation frequency power limit is reached.

Exceeding this threshold requires continuous provision of the

maximum reference power output Pmax
FCR from the BESS during

a specified time duration. Moreover, regulatory rules set the

time requirements for the full activation that can be extremely

small for the BESS.

Taking into account the BESS efficiency η, the change of

the BESS SOC within the time period ∆t = ti−ti−1 is defined

in percentage as follows:

S(t) = 100%

∫ ti

ti−1

ηPFCR(t)

Erated
dt, (3)

where Erated is the nominal energy capacity of the BESS.

Since the BESS operation at the PFC market directly affects

the BESS life time, the weighting factor between the possible

dividends and operation costs should be evaluated to optimize

the economic dispatch of the BESS for the PFC.

B. Uncertainties of Primary Frequency Control

A generic algorithm presented in [4] takes into account the

uncertainty in the forecasted power and energy requirements

for services of dispatching the operation of an active distri-

bution feeder and PFC to allocate the portion of the battery

power and energy capability. However, it utilizes a simplified

approach for the uncertainty estimation of the required PFC

power by setting it to the maximum value. The forecasting

uncertainty of photo-voltaic (PV) generation is utilized in [30]

for model-predictive optimization for simultaneous provision

of local and PFC services by aggregating energy storage

units. A simultaneous offering of the BESS in day-ahead

energy, spinning reserve, and regulation markets considering

the uncertainties in the predicted market prices as well as in the

energy deployment in spinning reserve and regulation markets

is proposed in [31]. A study in [32] considers using a battery to

simultaneously provide frequency regulation service and peak

shaving with stochastic joint optimization that captures both

the uncertainty of future demand and the uncertainty of future

frequency regulation signals.

Thus, when the PFC is provided by the BESS, the linked

uncertainties include but are not limited to the power gen-

eration output of coupled resource, customer power con-

sumption, market prices, and frequency regulation response.

Therefore, the forecasting tools that can support the optimal

decision-making under risks of these uncertainties are crucial.

III. PROBABILISTIC FORECASTING MODEL

In a model-dependent probabilistic forecasting, the model

uncertainty, or similarly the model estimation error while pre-

dicting the outcome of a stochastic process can be explained

by the noise in the training data sample and the uncertainties

in the models themselves [33]. According to the Bayesian

viewpoint, these uncertainties are also referred to as aleatoric

and epistemic, and can be captured with Bayesian inference.

This procedure assumes a formalization of the uncertainties

as posterior probability distributions over either the model

outputs, or model parameters, respectively.

To provide a probabilistic forecast of BESS SOC, we quan-

tify the aleatoric and epistemic uncertainties via a MDN and

MCD, respectively. In what follows, we first introduce the

MARNN model as the basis for sequence forecasting, and

then proceed to formulate the probabilistic extension with the

MDN and MCD.

A. Forecasting Framework

recurrent neural networks (RNNs) are advanced deep

learning-based structures that have shown high potential in

processing sequentially dependent data. These networks were

initially developed for language modeling [34], but nowadays

they are also applied for solving sequential forecasting prob-

lems in the energy sector [35]. The notable learning ability

of the RNNs for sequential forecasting is explained by their

structure that is designed to hold relevant information from

the past inputs. A vanilla architecture of RNNs is composed

of an encoder and decoder that are generally implemented

with gated recurrent unit (GRU) or long short term memory

(LSTM) unit RNNs. The encoder aims to convert an input

sequence into a latent state representation vector that is further

transformed by a decoder into an output sequence. However,

when a complete sequence of information is encoded in the

single vector, it becomes challenging to decode the first inputs

and long-range dependencies due to the vanishing gradient

problem [36].

Attention mechanism introduced in [37] is one of the latest

advances in neural machine translation that led to significant

performance improvements of deep RNN models in memo-

rizing long source sentences. In this study, we use MARNN

model fω(·) that is deploying lag values from multiple pre-

vious input sequences X = [x1, . . . , xN ] at decoding time

via estimation of the corresponding target variable of output

sequence Y = [y1, . . . , yN ]. In this scenario, a combined

sequence of encoder hidden states for the new input sequence

xn = [x1, . . . , xT ] can be defined as hn = [h1, . . . hT ].
Consequently, these hidden states are retrieved by K attention

heads in order to compute the attention vector an of the input

sequence as follows:

an =
K

∑

k=1

T
∑

t=1

αkht, (4)
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Fig. 1. Extension of multi-attention recurrent neural network (MARNN)
model with Mixture Density Network (MDN) layer and Monte Carlo (MC)
dropout.

where αk is an attention weight assigned to the encoder state

ht = e(xt, ht−1). This attention vector is fed into a fully

connected layer with ReLU activation function prior to input

to the decoder layer

ReLU(an) = max(0, an). (5)

The last hidden state output of the decoder layer sD is

defined as

sD = g
(

sD−1, ReLU(an )
)

(6)

where sD−1 is the previous decoder state. Finally, the condi-

tional probability over a distinct attention vector an for the

new target variable ŷn is then given by

ŷn = p(f ω(xn)|xn) = max(0, sD). (7)

The structure of such MARNN model is illustrated in Fig.1.

This architecture of the MARNN enables retrieving the mean-

ingful information by the decoder for each of the output that

significantly improves the model performance for forecasting.

B. Mixture Density Networks

The MDNs were proposed in [38] with the motivation

to expand the restricted univariate point predictions of con-

ventional neural networks with the multivariate probability

distribution of the continuous target variables. These networks

exploit the capabilities of Gaussian mixture models (GMMs)

[39] to model arbitrary probability density functions of the

target variable conditioned on the corresponding input vector

using a sufficient number of mixture components.

Based on the assumption of the Gaussian conditional dis-

tribution of the target data, and, the fact that the least-

squares formalism used in conventional neural networks can be

obtained using the maximum likelihood [38], the probability

density of the target variable ŷn is then represented as a linear

combination of kernel functions in the form

pθ(ŷn|xn, θ) =

M
∑

m=1

γm(ŷn)φm

(

ŷn|σm(xn), µm(xn)
)

, (8)

where θ = {γm, µm, σm}M
m=1 is a set of M GMM com-

ponents corresponding to the mixture weights, mean, and

variance that can be added on the top of the neural network

with MDN layer without any other modifications, as illustrated

in Fig.1. These mixture parameters are derived from θ as

follows:

γm(xn) =
exp (θγ

m)
∑M

m=1 exp (θγ
m)

(9)

σm(xn) = exp (θσ
m) (10)

µm(xn) = exp (θµ
m). (11)

The conditional density function φm is represented in a

Gaussian form as follows:

φm(ŷn|xn) =
1

(2π)c/2σm(xn)c
exp

‖ŷn − µm(xn)‖2

2σm(xn)2
, (12)

where c is the number of outputs of the MARNN model that

is defined by the width of the decoder dense layer.

Training of the MDNs on top of the MARNN is imple-

mented with standard back-propagation through time algo-

rithm, and it aims to maximize the log-likelihood of the

linear combination of the kernel functions, which is equal to

minimizing the negative logarithm of the likelihood:

logL(θ) = − log
(

pθ(ŷn|xn)
)

= − log
(

M
∑

m=1

γm(xn)φm(ŷn|xn)
)

. (13)

Thus, the output of the MDN prediction consists of (c +
2)M outputs and is further approximated as a Gaussian normal

distribution N (µθ, σ
2
θ) whose mean and variance are defined

as follows:

µθ(xn) =
1

M

M
∑

m=1

γm(xn)µm(xn), (14)

σ2
θ(xn) =

1

M

M
∑

m=1

γm(xn)
(

σ2
m(xn)+

∥

∥µm(xn)−µθ(xn)
∥

∥

2
)

.

(15)

C. Monte Carlo Dropout

The main idea behind the dropout in a neural network

is known as a stochastic regularization technique that is

used to prevent the network overfitting to the training data

by randomly switching off a subset of the hidden neurons

during the training with a given probability [40]. However,

recent findings in [41] suggest that the dropout could also

be leveraged as an approximation of a probabilistic Gaussian

process to evaluate the model uncertainty with respect to an

observed sample.

The theoretical grounding of the new dropout variant is

based on finding the posterior distribution over the model

parameter space ω following normal prior distributions of

a function fω(·) that defines the neural network model

architecture. Intractable in general, this target is assessed by

approximating the variational distribution of the parameter

space q(ω) with a mixture of Gaussians with small variances

and the mean of one Gaussian fixed at zero, and then by aver-

aging this approximation with MC integration. For the sample
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ω̂z ∼ q(ω), the prediction (probabilistic model likelihood) of

a new model output ŷn given new input xn at test time is

defined in [42] by

p(ŷn|xn, X, Y) ≈
∫

p(ŷn|xn, ω)q(ω)dω (16)

≈ 1
Z

∑Z
z=1 p(ŷn|xn, ω̂z), (17)

where Z is the number of variation parameters in ω and X, Y
is a set of prior observations. The expectation of ŷn defines

the predictive mean of the model, while its variance represents

the predictive uncertainty.

Here in order to obtain this uncertainty, we apply the MC

dropout for G times with certain probability p for each fully-

connected layer at the test time and collect the outputs of the

MDN predictions. At each test step, the mean of the prediction

µωg
(xn) is defined according to (14). Then, the variance of

model uncertainty can be estimated from the variance of mean

of the MDN predictions of the trained network:

σ2
ω(xn) =

1

G − 1

G
∑

g=1

(

µωg
(xn) − µω(xn)

)2

, (18)

where µωg
(xn) ∼ fω(xn) and µω(xn) is the mean of all G

outputs that is defined as follows:

µω(xn) =
1

G

G
∑

g=1

µωg
(xn). (19)

The MCD in the attention-based RNN model corresponds

to randomly dropping the attention head in the sequence, and

can be interpreted as forcing the model not to rely on some

attention heads for its task.

D. Variational Multi-Attention Recurrent Neural Network

Incorporating the MDNs and MCD in the structure of

MARNN allows extending the capabilities of the latter to

implement a variational MARNN and assess the probabilistic

forecasting [42]. The regression mean of this network fω(xn)
for input sequence xn can be defined as the mean of MDN

and MCD predictions as follows:

ŷn = fω(xn) = µtotal(xn) =
1

2

(

µω(xn) + µθ(xn)
)

. (20)

Under the assumption of statistical independence of the

estimation error and noise, the variance of the total prediction

errors can be obtained through the summation of the variance

of model uncertainty σ2
ω(xn) and the variance of noise σ2

θ(xn):

σ2
total(xn) = σ2

ω(xn) + σ2
θ(xn). (21)

Algorithm 1 summarizes the process of finding these parame-

ters via probabilistic forecasting with the variational MARNN.

Then, these parameters are used to define the upper bounds

U δ
n(xn) and the lower bounds Lδ

n(xn) of the PI by the

following group of equations:
{

Lδ
n(xn) = µtotal(xn) − z1−δ/2

√

σ2
total(xn)

U δ
n(xn) = µtotal(xn) + z1−δ/2

√

σ2
total(xn),

(22)

where z1−δ/2 is the standard normal distribution critical value

that depends on the selected tail confidence level δ. This level

Algorithm 1 Prediction Process With Variational MARNN

Input: input sequence xn, trained variational MARNN model

f ω̂(·), MCD probability p, number of iterations G
Output: prediction mean ŷ, variance σ2

total(xn)
// Compute MDN prediction:

1: θ ← {γm, µm, σm}M
m=1 ← f ω̂(xn)

// Split up the mixture parameters:

2: γm(xn) ← exp (θγ
m)

�
M
m=1

exp (θγ
m)

3: σm(xn) ← exp (θσ
m)

4: µm(xn) ← exp (θµ
m)

// Compute mean and variance of MDN prediction:

5: µθ(xn) ← 1
M

∑M
m=1 γm(xn)µm(xn)

6: σ2
θ(xn) ← 1

M

∑M
m=1 γm(xn)

(

σ2
m(xn) +

∣

∣

∣

∣µm(xn) −

µθ(xn)
∣

∣

∣

∣

2
)

// Compute mean and variance with MCD:

7: for g = 1 to G do

8: µωg
(xn) ← steps(2 : 5) ← f ω̂

(

xn|MCdropout(p)
)

9: end for

10: µω(xn) ← 1
G

∑G
g=1 µωg

(xn)

11: σ2
ω(xn) ← 1

G−1

∑G
g=1

(

µωg
(xn) − µω(xn)

)2

// Compute total mean and variance:

12: ŷn ← fω(xn) ← µtotal(xn) ← 1
2

(

µω(xn) + µθ(xn)
)

13: σ2
total(xn) ←

(

σ2
ω(xn) + σ2

θ(xn)
)

14: return ŷ, σ2
total(xn)

is defined by the prediction interval nominal confidence

(PINC) that corresponds to the expectation of ŷn to be within

the PIs limits [Lδ
n(xn), U δ

n(xn)] with the nominal probability

100(1 − δ) %:

E

(

ŷn ∈ [Lδ
n(xn), U δ

n(xn)]
)

= 100(1 − δ) %. (23)

IV. CASE STUDY

This section presents the input data, benchmark models,

optimization of the model hyper-parameters, implementation

details, and evaluation indexes that were used to comprehen-

sively study the performance of the variational MARNN for

the PI forecasting of BESS SOC.

A. Battery Energy Storage System State-of-Charge Modeling

The evaluation of the model has been carried out in three

different regulatory environments corresponding to the PFC

by BESS in CE, NE, and GB European synchronous areas.

For each of the cases, a simple BESS model was applied

to simulate the BESS SOC according to (3) and the PFC

droop curve parameters set by the regulatory rules in the area.

The real frequency measurements from the three areas for the

period of four years (2015 - 2018) served as an input for the

BESS model. The frequency data are publicly available and

can be accessed for an evaluation [19]–[21]. The original time

resolution for the datasets are 0.01, 1, and 10 seconds. Prior to

the simulation, the frequency measurements were resampled
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Fig. 2. Characteristics of hourly BESS SOC data in Great Britain, Continental Europe, and Northern Europe synchronous areas. From left to right:
autocorrelation plot, partial correlation plot, histogram, and boxplot.

TABLE I

CHARACTERISTICS OF THE SELECTED FREQUENCY RESPONSE

RESERVES IN THE STUDYING AREAS [29]

via linear interpolation to a resolution of 1 second. The sim-

ulation was conducted assuming that the BESS under control

does not cause the frequency deviation. The BESS power-to-

energy ratio was set to 1 as it is one of the most common

ratios for the PFC according to [43]. The discharge and charge

BESS efficiency was equal to 98.5 %, and no degradation was

considered in order to simulate the average battery response

for every new measurement. Also, an assumption was made

that the full activation time is set to less than one second.

For the BESS SOC modeling in this study, the PFC,

wide enhanced frequency response (EFR-Wide), and FCR for

Normal operation (FCR-N) characteristics of the frequency

response droop curve in Germany, Great Britain, and Finland,

respectively, were utilized. These characteristics are summa-

rized in Table I and reflect three different patterns of the

droop-curve characteristics. In the CE – PFC, the DB is the

lowest, while the allowable frequency deviation is between

the highest in GB – EFR-Wide and the lowest in NE –

FCR-N. Moreover, the characteristics of GB – EFR-Wide

correspond to the highest values for the frequency deviation

and deadband, while NE – FCR-N has the highest DB and the

lowest deviation.

The outcome of the simulation was three time series con-

sisting of BESS SOC data with one-second resolution for the

period of four years that were further re-sampled to an hourly

sum of BESS SOC. The characteristics of these datasets can be

seen in Fig. 2. The autocorrelation and partial autocorrelation

plots of the datasets demonstrate that the 24-hour lag values

are statistically significant. However, the scales and duration

of the positively correlated spikes vary from the GB with the

lowest values and shortest period to the CE with the highest

correlation and longest period. Moreover, the histograms of

the datasets illustrate the difference of underlying frequency

distribution of continuous BESS SOC data. According to the

densities of the areas, the amount of under-frequency hours

that correspond to the negative sign of BESS SOC and power

injection into the grid is prevailing over the over-frequency

hours. Moreover, for the case of NE, many of the hours are

fluctuating at the values close to zero. The deviation of most

SOC values for GB and CE is within 10 % per hour, while

for the NE, these extreme values are closer to 50 %. For

hourly distribution of the values, it can be noticed that it is

relatively stable during the day in the GB area with minor

negative deviation of the median at the morning hours and

variations during the daily hours. In contrast, the other areas

have more unique hours with different median, interquantile

range and variations between the maximum and minimum

values.

Thus, these data representations demonstrate that the pre-

sented areas have different BESS SOC distributions that reflect

the difference of regulatory environments of frequency control

and overall properties of power system dynamics in the areas.

A study of the variational MARNN model performance on all

of the datasets is crucial in order to understand its uniformity

to the applications of BESS SOC forecasting. In specific,

it provokes the questions of the attention performance with
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TABLE II

INPUTS FOR A DAY-AHEAD BESS SOC FORECAST AT THE t-th HOUR

different correlation levels at the multi-attention lag hours as

well as the ability of MDNs to capture diverse distributions.

B. Feature Selection

Feature selection for the forecasting of BESS SOC is

challenged by a large amount of factors that have an influence

on the frequency in a specific synchronous area. The major

circumstances include but are not limited to traditionally wide

spatial characteristics of interconnected macrogrids, possibly

different regulatory requirements for frequency regulation in

the macrogrids, diverse generation and consumption mix,

multiple direct current links between the areas. In this scenario,

mining supporting features such as weather or market data

from sub-areas is not always feasible, especially for a large

synchronous areas such as CE. Consequently, a direct choice

of features is restricted to datetime features, and derivatives of

frequency and BESS SOC data. The latter two demonstrate the

highest feature importance for the forecasting of BESS SOC

even in comparison with the market data according to the study

in [44] where the above-mentioned features were evaluated

for point forecasting of BESS SOC. Here, the inputs used

for forecasting the BESS SOC delta between the consecutive

hours for the t-th hour of the next day, ∆St, included time,

BESS SOC data, and frequency features. Their descriptions are

listed in Table II, and their correlations with the target ∆St

are visualized in Fig. 3. The datasets are publicly available for

examination in [45].

The forecasting period was selected based on the current

structure of liberalized electricity markets and battery eco-

nomic dispatch in a multi-objective environment. Here it is

assumed that for the day-ahead multi-service optimization,

the optimal bidding strategy for the next day should be

prepared before the closure in the day-ahead wholesale market

(typically at 12h 00). Thus, the objective was forecasting

the BESS SOC with one-hour resolution for a sequence

of 36 hours ahead. Consequently, all of the features except

Fig. 3. Correlation plot of the selected features with target variable ∆St

for three synchronous areas: Great Britain, Continental Europe, and Northern
Europe.

the time are shifted by at least 48 hours due to the highest

correlation at 24-th hourly lags and the need to exclude future

values from the inputs for the forecasts from 24 to 36 hour

steps. An example timeline for the forecasting of day-ahead

BESS SOC delta ∆St is illustrated in Fig. 4. For the MARNN

model, the input for the prediction of t+P step ahead, where
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Fig. 4. Many-to-one scheme deployed by the variational MARNN for the
forecasting of ∆St.

t is the current hour, consists of a sequence of T = 48 data

points with feature dimension and includes the values for the

period from t − 96 + P to t − 48 + P . For the benchmark

models, the input at every prediction step is the first value of

the sequence at t − 48 + P with dimension of the features.

According to Fig. 3, in most of the cases, the correlation

of the target variables with the features is relatively low and

not exceeding 10 %. The highest correlation with the target is

provided by shifted BESS SOC St−48, and this correlation is

expected to be lower for the more distant shifts, not presented

in Fig. 3. Apart from Continental Europe, most of the features

are not well correlated with the time features. Concurrently,

these BESS SOC and frequency features are well correlated

among each other.

C. Benchmark

In order to evaluate the performance of the variational

MARNN model with representative benchmark, it was com-

pared with the following models that adopt quantile regression

for construction of prediction intervals:

– Linear Quantile Regression (LQR) is a variation of linear

least-squares regression that models not the conditional mean

of the response variable but the conditional τ -th quantile of

the response variable [46].

– Quantile Regression Forests (QRF) is a generalization of

random forests that enables estimation of conditional quantiles

for high-dimensional response variables. In contrast to the

random forest that contains only the conditional mean of the

observations that fall into the tree node, QRF expands this

node to keep the value of all observations and returns the full

conditional distribution of response value in its prediction [47].

– Quantile Gradient Boosting (QGB) is a modification of

gradient boosting algorithm where a quantile loss function is

used as a loss function for a gradient calculation to adjust the

target of consecutive weak learner [48], [49].

– Quantile Regression Neural Network (QRNN) is an

extension of the neural networks with quantile regression

loss function for the estimation of the predictive distribution

via conditional quantiles [50]. In this study, QRNN was

implemented by a shallow neural network with two wide fully-

connected layers and ReLU activation function.

The listed quantile regression models were extensively used

in many Global Energy Forecasting Competitions [51], [52]

TABLE III

SEARCH SPACE AND THE RESULTS OF THE MARNN
MODEL HYPER-PARAMETER OPTIMIZATION

and can be considered as a state-of-the-art in the topic of

probabilistic energy forecasting.

In quantile regression the τ -th quantile level is defined as the

value below which the proportion of the conditional response

population is τ for τ ∈ (0,1). The limits of PI for a nominal

coverage rate 1− δ are then constructed by the quantile levels

δ/2 and 1− δ/2. The quantile loss function averaged over the

whole dataset for the corresponding conditional quantile fω |τ
is determined as follows:

L(y, fω |τ) =
1

N

N
∑

n=1

L(yn − fω(xn)|τ), (24)

where L(yn − fω(xn)|τ) = L(εn|τ) is the loss of individual

data point that is modelled with a pinball loss function as

follows:

L(εn|τ) =

{

τεn, if εn ≥ 0

(τ − 1)εn, if εn < 0.
(25)

D. Hyper-Parameter Optimization

The hyper-parameters of the variational MARNN model

and corresponding benchmarks are selected using Bayesian

optimization with the Tree Parzen Estimator (TPE) hyper-

parameter search [53]. The initial condition and the results

of hyper-parameter search space are summarized in Table III.

This optimization was primarily aimed to tune the structure of

attention and decoder layers, find appropriate training settings,

and define an proper number of mixtures to fit in the datasets.

In the hyper-parameters, the attention length corresponds to

the number of past inputs with 24-hour lag that are used to

calculate the state vector in the attention layer. The 24-hour

lag is selected due to the daily trends in the datasets identified

in the previous steps. The number of hidden units specifies

the number of units in the fully-connected dense layer of the

decoder. The dropout rate is used for the densely-connected

parts of attention and decoder layers of the model, as illus-

trated in Fig. 1. The learning rate is adjusted for the Adam

optimization algorithm in the model.

The optimization process was running for 100 trials on

each of the datasets following the sequential automatic hyper-

parameter optimization presented in [54]. The inputs of

the variational MARNN model were the hyper-parameters

selected by the TPE at each trial and training and validation

data of the datasets. The history of model loss served as an
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Fig. 5. The effects of hyper-parameter optimization on the variational MARNN model loss: the highest concentration of the optimization trials is marked
with light color tint and the lowest with dark color tint. The best trial is marked with a red star. The values of the hyper-parameters that led to extreme model
loss are excluded from the visualization.

input for the optimizer and was evaluated with mean squared

error of the mixture density network. Each of the trials was

restricted to 20 epochs with the early stopping criterion equal

to 5. More details about TPE optimizer can be found in [53]

and its application to the MARNN model is described in [54].

Density plots of the TPE optimization trials on the hyper-

parameters are illustrated in Fig. 5. From them the effects of

these parameters on the model performance can be retrieved.

According to the results, some of the hyper-parameters are

identical to all the datasets while some are different for each

case. For instance, the optimizer demonstrates that three mix-

tures and more than ten times higher amount of hidden units in

the decoder dense layer is enough to reflect the distribution of

BESS SOC data despite its diversity in the synchronous areas.

In contrast, the dropout rate can vary from 10 % to 40 %, and

it does not enable formation of any general conclusions about

the best practices. Also, the attention length of the models

has diverse patterns for the highest concentration of trials. For

the GB area, the attention number was fluctuating around the

lowest boundary of the search space, for the NE area, it was

just above the average, and CE had trials in both but primarily

close to the lowest one. These results can be interpreted with

the autocorrelation data in Fig. 2 and summarized as the

attention length is negatively proportional to the correlation

of attention heads. Moreover, the optimal learning rate resides

close to the lowest boundary despite that in the case of CE

and NE areas, the best trial was at the higher rate. As for

the batch size, the best results for the datasets of comparable

length are expected from the categories of 128, 256 or 1048.

Besides the above mentioned hyper-parameters, the MARNN

model also has the number of inputs, the number of hidden

units in the fully-connected layer of attention, and the number

of encoder and decoder units. These hyper-parameters were

TABLE IV

SEARCH SPACE FOR HYPER-PARAMETER OPTIMIZATION

OF THE BENCHMARK MODELS

not optimized but chosen as follows: the input is equal to a

sequence of 48 data points with arbitrary feature dimension;

the number of hidden units in the fully-connected attention

layer and the number of encoder units were equal to length

of the input sequence; the number of decoder cells is equal to

the number of attention heads.

The hyper-parameters of the benchmark models are pre-

sented in Table IV. For these models, the loss function during

the hyper-parameter optimization was the average quantile loss

over the validation set at 0.5 quantile. The results of their

optimization are out of scope of this study.

E. Model Implementation Details

The MARNN model was implemented using Keras

2.1.5 high-level neural networks API [55] with Tensorflow

1.14.0 [56] as the backend in Python 3.7 environment.
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The MARNN model was developed based on [57], the MCD

was added to the model with astroNN package [58] and MDN

layer was built on top of the MARNN with [59]. The fast

GRU implementation backed by NVIDIA CUDA Deep Neural

Network library (cuDNN) [60] was used for the encoder and

decoder RNNs.

The target was chosen as a difference between the consec-

utive hours ∆St in order to remove the hourly autocorrelation

that generally led to a persistence model. Moreover, MinMax

scaling with the range from 0 to 1 was utilized for the datasets.

Finally, the model validation was carried out using hold-out

method, in which the dataset was split for training, parameter

regulation, and performance evaluation in proportions of 50 %,

25 % and 25 %, which is approximately equal to two years of

training and one year for validation and testing, respectively.

The model was trained for 100 epochs with 20 as the early

stopping criterion. The number of MCD iterations was limited

to 200.

In this study, LQR model was implemented with QuantReg

function of statsmodel package [61]. Also, a variance inflation

factor was utilized to remove collinear features from the

datasets prior the LQR modeling. QRF and QGB models

were created using Random Forest and Gradient Boosting

Regressors from the scikit-learn library [62]. In order to obtain

QRF from Random Forest Regressor, the minimum leaf node

hyper-parameter was set to one. The QGB was modelled with

explicit quantile prediction. The QRNN was developed with

Keras library using sequential model architecture. Examples of

the benchmark models are available in [63].

The automatic hyper-parameter optimization of the mod-

els was built with Hyperopt library [64]. Also, Hyperas

package [65] that is a wrapper over Hyperopt library was

utilized for the variational MARNN model hyper-parameter

optimization.

F. Prediction Interval Evaluation Indexes

In this study, the performance of the probabilistic forecast-

ing is quantitatively evaluated based on the resolution and

the reliability of the constructed PIs, as described in [66].

The reliability of the PI for N samples is illustrated by the

prediction interval coverage probability (PICP) that is defined

as follows:

PICP =
1

N

N
∑

n=1

Iδ
n, (26)

where Iδ
n is the PICPs index:

Iδ
n =

{

1, ŷn ∈ [Lδ
n(xn), U δ

n(xn)]

0, ŷn 	∈ [Lδ
n(xn), U δ

n(xn)].
(27)

The purpose of the resolution metric is to evaluate the

interval sharpness to restrict the possibility to obtain a high

reliability PIs with increased width. This metric is expressed in

the PI normalized average width (PINAW) defined as follows:

PINAW =
1

R · N

N
∑

n=1

[

U δ
n(xn) − Lδ

n(xn)
]

, (28)

where R = max(Y) − min(Y) is the difference between the

bounds of the main targets. A narrower PIs correspond to a

smaller PINAW and, hence, demonstrates better sharpness.

To jointly assess the coverage and interval width, a cover-

age width-based criterion (CWC) is applied. For a confidential

probability 100(1 − δ) % denoted as ξ, it is defined as

CWC = PINAW (1 + νe−λ(PICP−ξ)) (29)

ν =

{

0, PICP ≥ ξ

1, PICP < ξ,
(30)

where ν represents a forecast score used for penalizing if the

PI coverage is lower than the required confidence level. The

penalty coefficient is defined by λ and set to 10 in this study.

V. RESULTS AND DISCUSSION

The results of the performance evaluation are shown

in Fig. 6 and Tables V, VI, VII. Each sub-plot of the

figure contains the real and forecasted BESS SOC information

related to a random 36-hour forecast interval from the test data.

The forecasting results are represented in the form of PIs with

confidence levels from 10 % to 95 %. The PIs are consecu-

tively illustrated for LQR,QRF, QGB, QRNN, and variational

MARNN for each of the datasets. The best results for the

evaluation indexes are marked in bold in the Tables. The logic

behind the best index evaluation is the following: the best

PICP is the minimum PICP index that is above the required

confidence level or, if this condition is not satisfied, the closest

to the required coverage; The best PINAW and CWC indexes

are chosen as the lowest from those models whose PICP is

above the required confidence level, or otherwise from the

models whose PICP is above or equal to the previous required

coverage level(s).

In the GB synchronous area, the variational MARNN model

demonstrated superiority over the other models despite the

lowest correlation of hourly lag values among the investigated

areas and, hence, the lowest expectations for the MARNN

model performance. This predominance can be explained by

generally too narrow PIs of the quantile regression models

and wide coverage of the MARNN model. For example, none

of the quantile regression models were able to provide the

required coverage for the PIs, and, hence, a penalty score

was applied in the CWC index that raised the index values

several times compared to PINAW. In contrast, the coverage

of the variational MARNN was exceeding the required level

by 5.5 % on average. However, visual representation of the

model performances also suggests that the LQR model had

good sharpness around the true mean of BESS SOC values,

while the QRNN had passive variation and low prediction

capabilities. Among the ensemble models, QRF had slightly

better results than the QGB model.

The performances of all the models were at the high level

in the CE area. These results can be explained by good

correlation of the BESS SOC values seen in Fig. 2 and Fig. 3.

Almost optimal indexes were shown by the LQR model with

average PICP error of only 0.4 %. However, even in this

scenario, there were several cases when the QGB and QRNN

models were better. Moreover, the QRF model was the only
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Fig. 6. An example day-ahead forecast of BESS SOC delta with prediction intervals (PIs): LQR – Linear Quantile Regression, QRF – Quantile Random
Forests, QGB – Quantile Gradient Boosting, QRNN – Quantile Regression Neural Network.

TABLE V

PERFORMANCE EVALUATION OF THE PREDICTION INTERVAL FORECASTS FOR GREAT BRITAIN

TABLE VI

PERFORMANCE EVALUATION OF THE PREDICTION INTERVAL FORECASTS FOR CONTINENTAL EUROPE

to achieve the required coverage in all of the intervals. The

variational MARNN model provided the required coverage for

all the PIs except 95 % interval where it had shown 94.8 %

coverage. In the successful cases, the average exceeding of

the PICP index by the MARNN model was at the level 5.8%.

The visual perspective illustrates that the LQR, QRF, and QGB

models had identified well the conditional mean of the BESS

SOC data.

In the case of NE area, the best indexes were demonstrated

by the QGB model even though its PICP index was slightly

lower the required coverage for the highest intervals (80, 90,

and 95%). In these intervals, the QRF was more robust to
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TABLE VII

PERFORMANCE EVALUATION OF THE PREDICTION INTERVAL FORECASTS FOR NORTHERN EUROPE

provide the required coverage. The indexes of LQR were gen-

erally lower the required levels, and the QRNN had variable

success in coverage of the data. The MARNN model was able

to provide the required coverage for only less than half of the

intervals having trouble to catch the data points in the highest

intervals. The maximum decrease of the MARNN PICP in

comparison with the nominal confidence level is within 8.7%.

The reason of such indexes can be seen in high sharpness

and narrowness of the MARNN intervals that is demonstrated

in Fig. 6. Also, the MARNN model was superior in predicting

the conditional mean of the BESS SOC data.

In general, the MARNN model has shown good perfor-

mance in respect to the coverage probability for the different

regulatory environments and if compared to the performance

of quantile regression algorithms. In particular, according

to the PICP indexes, its coverage probability achieved the

required confidence levels in most of the intervals for the GB

and CE areas, but was relatively low for the NE area. However,

in the CE and GB areas, the MARNN model follows the true

mean regression worse that in the NE are, and this can be

seen in Fig. 6. Nevertheless, this approach gives better PICP

and CWC in the shortcoming areas of the quantile regression

algorithms compared.

VI. CONCLUSION AND FUTURE WORK

In this study, a hybrid probabilistic model with combined

MDNs and MCD over MARNN was presented and deployed

in order to forecast BESS SOC under the PFC. This approach

allows rigorously quantifying the overall forecasting uncer-

tainty related to the inherent data noise and model estimation

error in the form of PIs with a particular confidence level.

Moreover, the hybrid MDN and MCD approach is extremely

generic and can be easily applicable to any existing neural net-

works. The performance of the model was evaluated for three

different regulatory environments corresponding to the PFC by

BESS in CE, NE, and GB European synchronous areas and

compared with state-of-the-art quantile regression algorithms

in probabilistic energy forecasting such as the LQR, QRF,

QGB, and QRNN. According to the case studies, the proposed

variational MARNN model has satisfactory performance and

good generalization capabilities for prediction interval fore-

casting of the BESS SOC despite the diversity of droop curve

parameters and, hence, different frequency distributions in the

case areas. Therefore, the proposed approach can potentially

provide an efficient and meaningful tool to hedge not only

against uncertainties and risks of the BESS PFC, but it can

also be leveraged in other smart grid applications to assist in

the related decision making activities.

The potential future research questions include:

(1) Feasibility of the economic benefits that this hybrid fore-

cast model may achieve in comparison with other optimization

methods.

(2) Extension of the model to multivariate and simultaneous

probabilistic forecasting with cross-dependency of the BESS

SOC and the market forecasts as well as consideration of the

BESS degradation under PFC in the BESS SOC forecast.
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A B S T R A C T

Deep learning models have the potential to advance the short-term decision-making of electricity market
participants and system operators by capturing the complex dependences and uncertainties of power system
operation. Currently, however, the adoption of global deep learning models for multivariate energy forecasting
in power systems is far behind the developments in the deep learning research field. In this context, the
objectives of this study are to review recent developments in the field of probabilistic, multivariate, and
multihorizon time series forecasting and empirically evaluate the performance of novel global deep learning
models for forecasting wind and solar generation, electricity load, and wholesale electricity price for intraday
and day-ahead time horizons. Two forecast types, deterministic and probabilistic forecasts, are studied. The
evaluation data consist of real-world datasets with hourly resolution at the levels of an individual customer and
regional and national electricity market bidding zones. The model evaluation criteria include achievable levels
of forecasting accuracy and uncertainty risks, hyperparameter sensitivity, the effect of exogenous variables and
fieldwise dataset split, and run-time efficiency factors, such as memory utilization, simulation time, electricity
consumption, and convergence rate. We conclude that the performance of the global models is more beneficial
for intraday forecasts of heterogeneous datasets with nonuniform patterns of time series, but can be affected
by the hyperparameter sensitivity and hardware limitations with the growth of dataset dimensionality. The
results can serve as a reference point for the quantitative evaluation of deep learning models for probabilistic
multivariate energy forecasting in power systems.

1. Introduction

The short-term forecasting of energy time series, such as wind
and solar energy, electricity load and price, is at the core of electric
power system trading and operation. It provides the electricity market
participants and system operators with information on the next hours
and days to enable cost-efficient market bidding and operating reserve
procurement and detecting network congestion. However, the opera-
tional predictability of modern power systems is being challenged by
intermittency, uncertainty, and stochasticity as the installed capacity of
renewable energy sources (RES) increases and new distributed energy
resources are introduced into the existing power networks. To adapt
to these decarbonization and decentralization trends and support the
risk-aware decision-making of power system actors, the present energy
forecasting approaches should be improved to estimate the predic-
tion uncertainties and leverage large amounts of data with complex
multivariate dependences [1].

Presently, deterministic forecasts are predominantly used in the
industry as an input to various power system optimization methods.

∗ Corresponding author at: Yliopistonkatu 34, 53850 Lappeenranta, Finland
E-mail address: aleksei.mashlakov@lut.fi (A. Mashlakov).

However, there is a strong trend in the academia and interest in
the industry toward the transition from the deterministic forecasts to
probabilistic methods with uncertainty quantification [2]. A proba-
bilistic forecast provides a possible range of forecasting errors with
the respective probability in contrast to pointwise deterministic fore-
casts. Moreover, the adoption of a forecasting tool/product enables
reducing the operating costs if appropriately applied for solving risk-
constrained decision-making problems [3]. The risk management is
especially important in the conditions of volatile spot and reserve
market prices caused by the large uncertainties of varying electricity
load and weather-dependent renewable generation from wind and solar
radiation. Therefore, the quantification of uncertainty as a vital part of
risk management is critical for truly optimal decision-making in power
systems.

Furthermore, a substantial body of research in the probabilistic
energy forecasting literature focuses on local (univariate) forecasting

https://doi.org/10.1016/j.apenergy.2020.116405
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problems [4] where marginal predictive densities are estimated per in-
dividual time series assuming (conditional) independence of time series
in high-dimensional settings. However, these local approaches exclude
the important effects of complex temporal, spatial, and cross-lagged
correlations in power systems [5]. The examples of such correlations
are the dependence between successive lead times of electricity market
price, the parameters of renewable generation (e.g., solar radiation,
wind speed) between power plant locations, and the lagged effect of
weather parameters on a load profile. Disregarding these dependences
with marginal description in power systems-related operational prob-
lems with multiple power plants or optimization time periods leads
to suboptimal decisions, and hence, is often insufficient forecasting
approach [6]. In contrast, the ability to extract and leverage the time-
invariant patterns by simultaneously considering several variables can
potentially provide more accurate predictions and lower costs [7].
As a result, these factors have provoked an interest in probabilistic
forecasting problems with multivariate predictive distributions that can
leverage spatio-temporal and cross-lagged correlations with a single
global (multivariate) model [8].

The key challenges for accurate and efficient forecasting in the
probabilistic multivariate forecasting problems include the following:
(a) recognizing short-term and long-term dynamics and noise charac-
teristics of individual time series; (b) discovering nonlinear covariate
and latent relationships between the exogenous (i.e., field-independent
series or outside influences) and endogenous (i.e., field-dependent)
series; (c) sharply (i.e., by minimal variance) and reliably (i.e., by
minimal bias) estimating the uncertainty of model predictions; (d)
mitigating the effects of a varying time series scale; (e) making pre-
dictions in the conditions of data sparsity and ‘‘cold start’’, i.e., new
variable or system changes; and (f) being scalable for a large amount
of time series [9–11]. Traditionally, statistical multivariate forecast-
ing techniques such as vector autoregression (VAR) and vector au-
toregressive integrated moving average (VARIMA) [4], linear support
vector regression (LSVR) [12], multivariate generalized autoregressive
conditional heteroskedasticity (MGARCH) models [13], linear ridge
(LRidge) regression [14] and Gaussian processes (GP) [15] have been
used for such problems, but they have several limitations related to
nonlinearity and scalability [16]. Recently, several novel global deep
learning (DL) architectures for multivariate time series forecasting
with the capabilities to tackle these challenges have been proposed:
autoregressive recurrent networks (DeepAR) [9], deep factor models
with random effects (DFM-RF) [10], long- and short-term time se-
ries network (LSTNet) [16], temporal pattern attention (TPA) [17],
deep temporal convolutional network (DeepTCN) [18], and dual self-
attention network (DSANet) [19], to name a few. These models have
demonstrated superior accuracy. It is worth noting that any DL method
initially designed solely for point forecasts can be extended to pro-
vide an estimate of the related uncertainty by applying variational
approximation by the Monte Carlo (MC) dropout [20]. Furthermore,
progress has been made in explainability and interpretability of DL
models also in the context of time series [21] (e.g., through an attention
mechanism’s weights [22] or saliency maps [23] over time dimensions
and features), which gradually changes the general opinion of them
as representing fully ‘‘black box’’ models and brings them closer to
industry acceptance. These factors along with the wealth of data being
collected in power systems all the time and the rapid increase in
computing capabilities potentially make them a promising method for
probabilistic multivariate energy forecasting.

1.1. About the related work

In the power system domain, there is a plethora of local (univariate)
DL-based forecasting models that consider time series independently
and, hence, are missing the important interdependence between the se-
ries. For instance, the known forecasting applications include electricity
price [24], wind [25] and solar [26] power production, total [27] and

net [28] load, and battery frequency response [29]. However, there is
increasing interest in applying DL models to multivariate forecasting
applications to capture both spatio-temporal information and cross-
variable dependences in power markets enriched with RES [7], such
as solar [30] and especially wind [31]. For example, an improved
deep mixture density network (IDMDN) for a short-term wind power
probabilistic forecasting of multiple wind farms and the entire re-
gion was introduced in [32] to model nonlinear and spatio-temporally
coupled uncertainties in wind power prediction. A deep architecture,
predictive spatio-temporal network (PSTN), was proposed in [33] for
wind speed prediction with the use of spatial features and temporal
dependences. A variational Bayesian DL model for probabilistic spatio-
temporal forecasting was presented in [34] that predicts the wind
speed in a region by exploiting multisite historical information. A
novel multifactor spatio-temporal correlation model for wind speed
forecasting was proposed in [35]. The combination of spatial and
temporal correlations extracted by the DL networks was also used for
very short-term solar irradiance forecasting in [36].

Despite the latest developments, the literature in DL-based proba-
bilistic multivariate time series forecasting with application to energy
forecasting is still in its infancy and is lagging behind the progress made
in the field of computer science that we review in Section 2. Moreover,
to the best of the authors’ knowledge, a comprehensive and sound
empirical evaluation of probabilistic multivariate DL architectures that
would assess their multihorizon forecast accuracy and uncertainty for
the needs of power systems is not yet available in the literature.
However, as stated in a tutorial study in [37] about probabilistic load
forecasting, reproducible empirical studies based on public data with
sufficient details and unified forecast evaluation are required for re-
search progress in the field. The same requirement is valid for DL-based
probabilistic multivariate studies because the literature is heavily oc-
cupied with empirical evaluations of DL-based univariate deterministic
cases [38] or statistical and physical models [39]. Furthermore, many
computing and efficiency details about DL-based forecasting models are
often ignored, yet they present valuable practical information if applied
for short-term operations.

1.2. Research gaps and scientific contribution

Given that the power system developments of global DL forecasting
models are far behind the progress in the DL research, our main aim
is to attain the parity between the advances in DL-based multivariate
forecasting and power system applicability. This justifies a comprehen-
sive quantitative evaluation of novel data-driven approaches developed
in the DL research, which motivates this paper with the focus to address
the following research gaps:

(i) Although various global DL models have emerged in recent years,
no systematic evaluation of the applicability or suitability of
these models to address the energy forecasting problem in power
systems has been carried out to date.

(ii) The sensitivity of the global DL models to hyperparameters and
exogenous time series has received limited attention in the liter-
ature.

(iii) The practical run-time requirements of the global DL models in
terms of computing power and energy efficiency continues to be
not well covered.

With these research gaps in mind, this study provides the following
contributions and novelty:

(i) Empirical evaluation of the advanced global DL models for accu-
racy and quantile risks on intraday and day-ahead time horizons
for the electricity load and price, and wind and solar generation
at the levels of individual customer, regional, and national power
system.
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(ii) Assessment of model sensitivity to common hyperparameters us-
ing sequential Bayesian optimization, calendar and time exoge-
nous variables, and fieldwise dataset split.

(iii) Relative estimation of run-time efficiency of the advanced global
DL models through total simulation time, the mean and standard
deviation of graphics processing unit (GPU) memory, convergence
rate, and estimated electricity consumption.

The analysis is performed using two real-world datasets includ-
ing almost three years’ worth of data with hourly resolution and
dimensionality of hundreds of time series. An important assumption
is that the forecasts are solely based on past data, time and calendar
features ignoring meteorological observations and numerical weather
prediction. The results of this work can serve as a reference point for
DL-based probabilistic multivariate forecasting of electricity load and
price and wind and solar production at various power system levels.
The broader objective of this study is to comprehend the efficiency
of data-driven techniques in power system problems involving data
analytics. Application of global DL-based models can help electricity
market participants and power system operators in improving their
forecasting products and making better decisions on market bidding,
setting the operating reserve requirements, and detecting technical
problems of grid management. Hence, a DL-based probabilistic mul-
tivariate forecasting model that can appropriately accommodate both
uncertainties and pattern dependences holds significant potential and
is thus of a special interest for electric power systems.

The rest of this paper is organized as follows. Section 2 describes
the background of the research in multivariate time series forecasting
and reviews the progress in novel global DL architectures. The problem
formulation, models examined, benchmarks, data used, evaluation met-
rics, the setting of hyperparameter optimization, and implementation
details of the empirical study on multivariate probabilistic forecasting
are addressed in Section 3. Section 4 reports the results of the models
on point forecast accuracy and uncertainty estimation, hyperparameter
sensitivity, the effect of exogenous variables and fieldwise dataset split,
and run-time efficiency. Finally, the results are discussed in Section 5
and conclusions are derived in Section 6.

2. Background and related literature

Statistical methods have been the basis for multivariate forecasting
from its origin. The examples consist of parametric autoregressive
(AR) models, such as the variants of VAR and VARIMA models [4]
and the MGARCH model [13], parametric regression models, such as
LSVR [12] and LRidge regression [14], and nonparametric methods,
such as GP [15]. The main drawbacks of these approaches are related to
the inability to capture long-term and nonlinear relationships between
time steps and between multivariate signals, and a high computational
cost and model capacity that can increase significantly over the larger
window size and the number of time series [16]. The important impact
of the seasonalities and causal determinants of the related time series
was shown in [40], where joint modeling of related series in a hier-
archical Bayesian state-space model (SSM) enabled to achieve sizable
accuracy gains. Moreover, a scalability issue was addressed in [41]
with temporal matrix factorization models (TMFMs) that support data-
driven temporal dependence learning and forecasting. However, these
dependences are limited to linear relationships [42].

A large amount of recent research is focused on global DL as a
solution to tackle the limitations of statistical methods. We provide
a summary of these models in Table 1 and highlight the trends in
global DL methods in what follows below. For example, one of the
main research directions in global DL methods is the merger of several
families of models to use the specific model strengths for the best
performance; this approach was implemented, e.g., in LSTNet [16],
TPA [17], DeepTCN [18], and DSANet [19]. Moreover, global DL
methods are commonly used together with nonparametric models to

model forecast uncertainty (e.g., DeepAR [9] and DeepTCN [18]),
and with statistical AR methods to improve the accuracy by scale
consideration; such combination was applied, e.g., in LSTNet [16],
DSANet [19], and memory timeseries network (MTNet) [22]. The other
trend is to deploy an attention mechanism that provides a model with
the ability to focus on relevant subsets of its inputs to predict the
target series without explicitly hard-coding these subsets; the atten-
tion mechanism was employed, e.g., in LSTNet [16], TPA [17], and
DSANet [19]. This mechanism was designed to solve the vanishing
gradient problem of recurrent neural networks (RNNs) [43] when fore-
casting long-range dependences. A similar function is often performed
with skip connections [16] and residual blocks [18]. Furthermore, the
adoption of convolutional neural networks (CNNs) [44] that are known
for their success in capturing the spatial and temporal dependences
in image recognition surpasses the more traditional solutions with
RNNs in memorizing short- and long-term invariant patterns and as
a basis for the attention mechanism; the CNNs were utilized, e.g., in
TPA [17], DeepTCN [18], and DSANet [19]. However, both methods
(i.e., RNN and CNN) are dominant in most of the architectures in one
way or the other. In addition, the adaptive moment estimation (Adam)
optimization algorithm [45] is the first choice for the global DL models.

The challenge of many AR methods in capturing recurrent short-
and long-term patterns among multiple time series is addressed in the
LSTNet [16]. This model uses the strengths of CNNs to discover the
local dependence patterns among multidimensional input variables,
RNNs to capture long patterns, and RNN-skip or attention layers to
recognize the very long-term periodic patterns of time series. Moreover,
in parallel to the nonlinear neural network transformation that is
insensitive to the scale variations of inputs, it includes an AR linear
model to consider the effects of scale variation in the time series.

A TPA model was developed in [17] based on RNN and CNN
modules. The model has resolved several limitations of LSTNet, such
as manual tuning of the skip length of the recurrent-skip layer, poor
performance on data with a nonperiodic pattern, and averaging of
series-specific temporal information in the attention layer. In contrast,
the invariant temporal pattern information is automatically extracted
from each time series with CNN filters that operate similar to the
discrete Fourier transform. Thus, the model can focus on particular time
intervals for different time series and extract dynamic interdependences
of multivariate data.

A DSANet was proposed in [19]; it highlights the malperformance
of the attention mechanism used in LSTNet and TPA when modeling
data with dynamic period patterns or nonperiodic patterns. Instead, the
nonlinear branch of dual architecture completely dispenses RNNs and
applies global and local temporal convolutions to capture the complex
mixtures of global and local temporal representations of univariate
series. Moreover, a self-attention module is added above these convo-
lutions to identify cross-series dependences. Similarly to LSTNet, the
AR linear branch is included in the model to alleviate input scale
variations.

A mixture of DL-family models was also proposed in the architecture
of MTNet including a large memory network component, three inde-
pendent encoders, and an AR component. The memory component is
used to store the long-term historical data, while encoders equipped
with CNN, RNN, and an attention mechanism are used to convert the
input data and memory data into their feature representations. The
advantages of the model are a high interpretability using post-hoc
explanations with the attention mechanism and a capability to focus
on a period of time instead of particular timestamps in the past as it is
implemented in the LSTNet model.

DeepAR was designed as an AR-based RNN that relies on a global
model of related time series [9]. This global model learns the statistical
properties of the data by maximizing the log-likelihood of the network
outputs conditioned on past observations and covariates that can be
item- and time-dependent. DeepAR is claimed to be robust to the effects
of the time series with widely varying scales and can use a wide range
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Table 1
Summary of deep-learning-based multivariate time series models. Family of models: autoregressive (AR), convolutional neural network (CNN), recurrent neural network (RNN),
Gaussian processes (GP), feed-forward neural network (FFNN), temporal matrix factorization model (TMFM), likelihood model (LM), memory network (MN), quantile model (QM),
innovation state space model (ISSM); Exogenous variables: C (calendar), T (time), CT (categorical); Forecast type: CM (conditional mean), CD (conditional distribution); Dataset
dimension: minute (m), hour (h), day (D), week (W), month (M); Tuning : grid search (GS), manual (M); (?) Not explicitly stated. Benchmark models: The abbreviations are explained
in the text.

Model Families
of models

Forecast
horizon

Exoge-
nous
variables

Optimizer Time series scaling Forecast
type

Dataset
dimension

Benchmark models Tuning

[16] LSTNet AR, CNN,
FFNN,
RNN

3 to 24 – Adam Max per series CM 10m, 1h, 1D AR, LRidge, LSVR,
TMFM, GP,
VAR-FFNN, RNN

GS

[17] TPA AR, CNN,
FFNN,
RNN

3 to 24 – Adam Max per series/ data CM 10m, 1h, 1D AR, LRidge, LSVR,
GP, LSTNet

GS

[19] DSANet AR, CNN,
FFNN

3 to 24 – Adam MinMax CM 1D VAR, LRidge, LSVR,
GP, RNN, LSTNet,
TPA

GS

[22] MTNet AR, CNN,
RNN, MN,
FFNN

3 to 24 C, T Adam (?) CM 10m, 1h, 1D AR, LRidge, LSVR,
GP, VAR-MLP,
RNN-GRU, LSTNet

GS

[9] DeepAR FFNN,
LM, RNN

24 to 52 CT, C, T Adam Mean per series CD 1h, 1W, 1M TMFM, RNN-LM,
AR-LM, ISSM

GS+M

[46] DSSM FFNN,
ISSM, LM,
RNN

8 to 48 C, T (?) Mean per series CD 1h, 1M, 4M DeepAR, TMFM (?)

[18] DeepTCN CNN,
FFNN,
LM/QM

12 to 24 CT, C, T Adam Standard/ MinMax CD 1h, 1D, 1M DeepAR, TMFM,
DSSM

M

[10] DFM-RF FFNN,
GP, ISSM,
LM, RNN

24 to 72 CT, C, T Adam Automatic per series CD 1h DeepAR, Multi
Quantile-RNN

–

[42] DeepGLO CNN,
TMFM

9 to 24 C, T Adam Standard/ unscaled CM 5m, 1h, 1D RNN, DeepAR,
TMFM

M

[47] ForecastNet CNN, GP 12 to 24 – Adam Standard CD, CM 1h, 1M DeepAR, TCN M

of likelihood functions to better capture the statistical properties of the
data. Moreover, the network enables the discovery of time-dependent
uncertainty growth and complex patterns, such as seasonal behavior
and cross-series dependences.

The Deep state space model (DSSM) proposed in [46] combines a
deep RNN and SSM to explicitly incorporate structural assumptions
and learn complex patterns from raw time series data. This model
computes the joint distribution over the prediction range for each time
series analytically based on a globally shared mapping derived from the
covariate vectors associated with each time series. The RNN is needed
to parametrize the mapping from covariates to the SSM parameters. It
is stated that this method allows model interpretability, can exploit as-
sumptions about temporal smoothness, and can be seamlessly scalable
to high-dimensional datasets.

A DeepTCN that employs a dilated causal CNN to capture the
temporal dependences of multiple related time series was presented
in [18]. The novelty of this model is a residual block designed to learn
the complex patterns within and across series from past observations
and exogenous covariates. The framework includes parametric and
nonparametric variants that learn uncertainty estimation by predicting
the parameters of hypothetical data distribution or generating quantile
forecasts.

DFM-RF represent a local–global method that relies on the combi-
nation of individual and generic time series properties for multivariate
forecasting [10]. This method adopts deep dynamic factors to extract
global nonlinear patterns and probabilistic graphical models to capture
local random effects. This model with one factor and AR inputs, with-
out random effects and automatically estimated scales of time series,
reduces to DeepAR.

Deep global local forecaster (DeepGLO) is another example of local–
global methods [42]. To capture global nonlinear dependences, this
method uses temporal convolution network (TCN) for the regulariza-
tion of the Matrix Factorization model (TCN-MF) that represents each
of the original time series as a linear combination of a smaller number
of basis time series. The output of TCN-MF is fed as input covariates

to another TCN along with the past values of the local time series and
associated covariates to make the final prediction. Moreover, a simple
initialization scheme for TCN that dispenses a priori normalization was
introduced to handle scale variation of high-dimensional time series
data.

A time-variant deep feed-forward neural network architecture for
multi-step-ahead time-series forecasting (ForecastNet) [47] is a model
that addresses the time-invariance problem of RNN and CNN models.
The model produced good results against state-of-the-art models, such
as, DeepAR and DeepTCN. However, the evaluation was conducted
using univariate time series [47].

3. Methodology

3.1. Problem formulation

First, the probabilistic forecasting problem for multivariate time
series is formulated. Given a trained model 𝑓 �̂� (⋅) with fitted param-
eters �̂� and a set of fully observed time series 𝒀 = {𝒚(𝑖)}𝑁𝑖=1 with 𝑁
univariate series 𝒚(𝑖) ∈ R𝐷 where 𝐷 is the series dimension, the aim is to
predict the conditional distribution of the future time series �̂�(𝑖)(𝑡+1)∶(𝑡+ℎ)
for 𝑖 = 1,…𝑁 :

P
(
�̂�(𝑖)(𝑡+1)∶(𝑡+ℎ)|𝒚(𝑖)1∶𝑡,𝑿(𝑖)

1∶𝑡,𝑿
(𝑖)
(𝑡+1)∶(𝑡+ℎ), �̂�

)
, (1)

where ℎ ∈ N+ is a forecast horizon, 𝑡 is a current time stamp, 𝒚(𝑖)1∶𝑡
are historical values of the 𝑖th series, and 𝑿(𝑖)

1∶𝑡 and 𝑿(𝑖)
(𝑡+1)∶(𝑡+ℎ) are the

optional associated covariate vectors related to the past or future. The
forecast horizons are selected based on the needs of the power system
applications for day-ahead dispatch in response to the results of the
wholesale market (36 h ahead) and the consequent correction of the
system dispatch (3, 6, 12, and 24 h ahead) during the delivery period
in the intraday market. Note, however, that the error estimation for the
day-ahead forecasts is normally done only for 24 h of the next day, but
in our case, the forecast errors at all 36 h are estimated.
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Fig. 1. Visualization of the structures of the selected methods: DeepAR (a), DeepTCN (b), DSANet (c), and LSTNet (d). ReLU activation functions are indicated by a gray curve
symbol and the dropout layers by the checkerboard pattern. The abbreviations are explained in the text.

3.2. Methods

The DeepAR, DeepTCN, LSTNet, and DSANet models were selected
for the empirical study to examine the recent advances in global DL
models that have achieved notable results in the forecasting of multi-
variate time series. These models were selected because they include
most of the trends in multivariate forecasting, and at the same time,
are diverse for potential combinations of approaches. In particular,
the LSTNet and DSANet models belong to the class of many-to-one
models that predict one value that is at the horizon distance from
an input sequence, whereas DeepAR and DeepTCN are many-to-many
models predicting a sequence of a horizon length ahead given the input
sequence. Moreover, the use of exogenous variables is also different:
the DeepAR and DeepTCN models have categorical, calendar, and time
variables, whereas LSTNet and DSANet do not use them by default.

Fig. 1 presents high-level schemes of the layers used in the models.
The same colors are used to indicate similar layers and their compo-
nents in the different models. DeepAR consists of multiple layers of
long short-term memory (LSTM) components where the outputs are
fed into two linear layers, one for determining the mean and the other
for determining the standard deviation of the time series. In the case
of standard deviation, the linear layer is fed into a SoftPlus layer to
ensure positive values. The means and standard deviations are then the
input to a Gaussian likelihood model that is used to generate samples.
DeepAR with three LSTM layers is shown in Fig. 1a, where the output
layer can be seen as the input for the likelihood model. The inputs for
the model are time series values until 𝑡−1, the covariates at time 𝑡, and
the time series index that is fed into the embedding layer. The output

of the embedding layer is then concatenated (CAT) with the time series
values and covariates and fed into LSTM layers.

Fig. 1b consists of two residual blocks, encoder and decoder, and
batch normalization, dropout, and linear layers for determining quan-
tile outputs q10, q50, and q90 (i.e., for 0.1, 0.5, and 0.9 quantiles)
of the DeepTCN model. The encoder residual block consists of dilated
convolution layers whose output is fed into the batch normalization
layers, where from the first batch normalization layer the output is fed
through the ReLU activation function. The batch normalization layers
are aimed at providing a stable distribution of activation values during
the training [48]. This enables faster convergence and shortens the
training process of the model. The output of the residual block is fed
into the next residual block or to the decoder residual block in the case
of the last encoder residual block. The decoder residual block takes two
inputs, the future covariates and the output from the encoder residual
block. It consists of linear layers and batch normalization layers, where
the output from the first batch normalization layer is fed through the
ReLU activation function. The output of the batch normalization layer
is summed with the concatenated future covariates and the encoder
output and fed through ReLU. The output from the decoder residual
block after the ReLU is fed into batch normalization, dropout, and
finally linear layers, which then provide the quantile outputs of the
model.

The LSTNet model is presented in Fig. 1d. Time series until 𝑡 − 1
are fed into the convolutional and linear layers. The convolution layer
is followed by the dropout and gated recurrent unit (GRU) layers.
The output from GRU goes through the ReLU activation followed by
a flattening operation, after which dropout is done. The dropped-out
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Table 2
The details of the datasets.

Dataset Electricity Open power system

Number of series 321 183
Length 26,304 25,560
Domain R+ R
Granularity Hourly Hourly

results are then fed into the linear layer. The final output of the model
is calculated as a sum of the output from the linear layer and the output
of the AR/linear layer. DSANet can be seen as an evolution of the
LSTNet model, and the similarities between LSTNet and DSANet can
be seen in Figs. 1c and 1d. GRU with ReLU and the flatten layers of the
LSTNet layers are replaced with linear layers and encoder layers that
consist of self-attention and positionwise feed-forward neural network
(FFNN) layers in the DSANet model. Moreover, the DSANet model uses
global and local temporal convolutions, which are aimed to capture
both long- and short-term temporal patterns. Furthermore, global and
local convolutions are fed into the self-attention layers, indicated as
encoder layers in Fig. 1c, which aim to identify the dependences
between different series. Both LSTNet and DSANet take only time series
values as inputs without including any future covariates by default.
Unlike the output of the probabilistic many-to-many models DeepAR
and DeepTCN, the outputs of these models are single point values at a
horizon away from the time 𝑡.

The LSTNet and DSANet models are not designed to produce proba-
bilistic forecasts. Therefore, a probabilistic interpretation of dropout is
applied to obtain an approximate variational distribution representing
uncertainty estimates [20]. For the DeepTCN, a nonparametric model
that predicts the quantiles is used, and it is referred to as TCN-quantile
in [18].

3.2.1. Benchmarks
We use two similar-day techniques as the trivial benchmark meth-

ods and denote these benchmarks by Naïve-1 and Naïve-2:

�̂�(𝑖),𝑁𝑎𝑖𝑣𝑒−1
(𝑡+ℎ) = 𝑦(𝑖)(𝑡+ℎ−𝑑), (2)

�̂�(𝑖),𝑁𝑎𝑖𝑣𝑒−2
(𝑡+ℎ) =

⎧⎪⎨⎪⎩

𝑦(𝑖)(𝑡+ℎ−𝑑), if Tue (ℎ ≤ 24), Wed, Thu, and Fri,

𝑦(𝑖)(𝑡+ℎ−𝑑), if Sat, Sun, Mon or Tue (ℎ > 24),
(3)

where offset 𝑑 = 24 if ℎ ≤ 24 and 𝑑 = 48 if ℎ > 24. We assume that the
first model is more relevant for solar and wind time series, whereas
the second is primarily for load and price time series. The forecast
uncertainty of the persistence models is obtained using a historical
(post-hoc) simulation that consists of computing sample quantiles of the
empirical distribution of model residuals [49]. Here, we use a weekly
(𝑡−168) rolling window of naïve model residuals prior to the prediction
time 𝑡, i.e, 𝒚(𝑖)(𝑡−168)∶(𝑡) − �̂�(𝑖)(𝑡−168)∶(𝑡).

A deep FFNN modeled in GluonTS [51] serves as a benchmark
method for univariate DL forecasting. The model consists of two ReLU
layers with 40 hidden neurons in each and is trained with a batch
size of 32 to fit a Gaussian distribution. The probabilistic forecasts are
obtained by sampling the quantiles of the output distribution.

3.2.2. Experiment details
All DL models are trained for the horizons with the early stopping

criterion being equal to 25 epochs and the maximum number of epochs
being set to 500. The selected epoch values correspond to the small-
est and largest epoch numbers used in the global DL models under
examination.

Fig. 2. Geolocations of the variables in the preprocessed open power system dataset.
The geolocations are specified with ISO 3166 area code or name of control area or
bidding zone [50].

3.3. Data

In this study, two real-world datasets related to different granular-
ities of power systems and consisting of homogeneous and heteroge-
neous time series were taken for the comparison. The statistics of these
datasets are presented in Table 2. The datasets and the tested DL models
are publicly available.1

The electricity dataset has already been used in most of the
models under examination, except DSANet. However, it is impossible
to compare the performance of the models on this dataset because
of the different preprocessing of the data and error metric. Here, the
modification of this dataset2 used in [16] is employed that has a
reduced dimensionality as a result of the removal of the time range
and the customers with a significant share of zero values. This version
has hourly consumption values in kWh for 321 customers for the time
period from 2012 to 2014. As in the initial models, the same split
principles were followed for the dataset, such as 60% for training, 20%
for validation, and 20% (5256 samples per series) for out-of-sample
(OOS) testing. The testing samples have a sufficient size covering
several seasonal, monthly, and diurnal patterns for the time period from
summer to wintertime.

The open power system dataset represents the data originating from
the European market bidding zones. This dataset contains a diverse mix
of time series, namely electricity consumption, market prices, and wind
and solar power generation with hourly resolution from January 2015
to November 2017 [50]. The consumption and generation variables
are given in MW, and the prices in euro or pound sterling. The split
percentages for this dataset are 70%, 15%, and 15% (3816 samples per
series). The initial dataset was preprocessed by removing the capacity,
forecast, and profile data, as well as the series whose percentage of
missing values exceeds 5% for the defined time period. As a result, the
data consist of 183 variables, where 59 are related to load, 31 to price,
57 to onshore and offshore wind, and 36 to solar. The geolocations of
the variables in the dataset are illustrated in Fig. 2. The illustration

1 https://github.com/aleksei-mashlakov/multivariate-deep-learning.
2 https://github.com/laiguokun/multivariate-time-series-data.
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Fig. 3. Autocorrelations of the time series in the open power system dataset. A
presence (absence) of repetitive pattern indicates seasonality (randomness) in the series.

suggests that the dataset provides good grounds for the spatial load
dependences represented in almost all the bidding zones. Similarly, the
price variables are densely located in the Italian bidding zones and
in the Nordic countries, and solar variables are common in Southern
Europe and offshore wind in the north.

In order to examine the time-varying properties of variables in the
open power system dataset, autocorrelation graphs are shown for the
related time series fields in Fig. 3. The autocorrelation graph of the
electricity dataset is available in [16] and shows clear short-term
daily (24 h) and long-term weekly (168 h) seasonality. In the open
power system dataset, a clear serial correlation with daily and weekly
patterns can be observed in the Load and Price variables. However,
only a daily pattern with a steadily decreasing trend can be seen in
Solar and no repetitive patterns in Wind, which suggests about the high
randomness of the wind data with profound short-term dependences.
These observations can indicate possible challenges in wind forecasting
and an expectation of better results for the other variables and are
revised again in Section 4.

To support the idea of the existence of a spatial dependence of time
series at different zones in power systems, the empirical covariance ma-
trices of the datasets are visualized in Fig. 4. According to Fig. 4a, there
are mostly positive correlations between the consumption patterns of
households in the electricity dataset. In particular, at least two large
groups of the first 80 and the last 190 households have significant
correlations. For the open power system dataset shown in Fig. 4b with
random variables from different subfields, the correlations vary within
and between the subfields. It is to be noted that there are correlations
between the Load and Price variables, whereas such correlations are
absent between Price and renewable generation. This fact demonstrates
the higher influence of Load on the electricity market clearing price and
yet, low levels of renewables in the generation mix of the European
bidding zones. Moreover, the red squares within Wind and Price show
the probable spatial closeness of several bidding zones.

The selected datasets cover a wide range of use cases for the po-
tential application of probabilistic multivariate forecasting methods by
system operators and electricity market participants. For example, the
electricity dataset serves the needs of system operators and retailers.
The system operators can produce probabilistic load forecasting at
multiple distribution levels and grid nodes and detect technical prob-
lems, such as congestion in the electrical grid in advance. For retailers,
the multivariate time series forecasting can provide more accurate
descriptions of the behavioral patterns on thousands of customers
and make better tariff proposals. In contrast, the open power system
dataset is a good reference for operations at lower granularity levels
in power systems. For the business of aggregators, these methods are

Fig. 4. Correlation matrix of time series in the electricity (a) and open power system
(b) datasets. Red to blue colors represent the highest to the lowest correlations.

useful to precisely take into account the production of the renewables-
based virtual power plants with multiple sources in the day-ahead and
intraday energy markets. Furthermore, such a forecasting procedure
can be used to balance renewables by leveraging the use of cross-border
interconnections with suitable flexible power plants.

3.4. Evaluation metric

The model forecasts are assessed in accordance with the recom-
mended practices of renewable energy forecasting [52], i.e., using
point and probabilistic forecast numerical metrics and formal statistical
tests. The point forecast metrics evaluate the predictive accuracy of
forecasting the conditional mean of the series per horizon, whereas
the probabilistic forecast metrics estimate the model performance in
compliance with the paradigm of ‘maximizing sharpness subject to
reliability’ [11]. Finally, the formal statistical tests are applied to verify
the statistical consistency between the performance difference in the
results of point and probabilistic forecasting.

3.4.1. Point forecasting
The evaluation metric for point forecasting is normalized by the

sum of actual time series values to enable a fair comparison of multiple
series. It consists of ND and NRMSE. For the given set of time series 𝒀
and the corresponding predictions �̂� , the metric is defined as follows:

ND =
∑

𝑖,𝑡 |𝑦(𝑖)𝑡 − �̂�(𝑖)𝑡 |
∑

𝑖,𝑡 |𝑦(𝑖)𝑡 |
,

NRMSE =

√
1
𝑁

∑
𝑖,𝑡(𝑦

(𝑖)
𝑡 − �̂�(𝑖)𝑡 )2

1
𝑁

∑
𝑖,𝑡 |𝑦(𝑖)𝑡 |

,

(4)

where 𝑦(𝑖)𝑡 is the true value of the series 𝑖 at the time step 𝑡, �̂�(𝑖)𝑡 is the
corresponding prediction value, and 𝑁 is the number of all points in
the testing periods.

To evaluate a statistical difference in the accuracy of model point
forecasts from each other, we conduct a Diebold–Mariano test [53].
Given that 𝐿𝑡(𝑦

(𝑖)
𝑡 , �̂�(𝑖)𝑡 ) is an arbitrary forecast loss function of the

observation and prediction at time 𝑡, the idea of the test is to compute
the difference between the forecast scores of the pair of models 𝐴 and
𝐵:

𝛥𝐴,𝐵
𝑡 = 𝐿𝐴

𝑡 (𝑦
(𝑖)
𝑡 , �̂�(𝑖)𝑡 ) − 𝐿𝐵

𝑡 (𝑦
(𝑖)
𝑡 , �̂�(𝑖)𝑡 ), (5)

and to perform an asymptotic z-test for the null hypothesis that the
expected forecast error is equal and the mean of differential loss series
is zero E(𝛥𝐴,𝐵

𝑡 ) = 0 ∀𝑡, i.e., that there is no statistically significant
difference in the accuracy of two competing forecasts. Then, under the
assumptions of covariance stationarity of loss differential series, the
statistic of the test is deduced from the asymptotically standard normal
distribution as follows:

DM𝐴,𝐵 =
√
𝑀

�̂�𝛥𝐴,𝐵
�̂�𝛥𝐴,𝐵

, (6)
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where �̂�𝛥𝐴,𝐵 and �̂�𝛥𝐴,𝐵 are the sample mean and the standard deviation
of 𝛥𝐴,𝐵 , and 𝑀 is the length of OOS period.

Two one-sided DM tests are conducted at the 5% significance level
𝑝 for the forecast series of each horizon: (i) a standard test with the
null hypothesis 𝐻0 ∶ E(𝛥𝐴,𝐵

𝑡 ) < 0, i.e., the forecasts of the model 𝐵
are more accurate than those by the model 𝐴, and (ii) the reverse null
𝐻𝑅

0 ∶ E(𝛥𝐴,𝐵
𝑡 ) ≥ 0, i.e., the forecasts of the model 𝐵 are less accurate

than those by the model 𝐴. If the 𝑝-value of the test is lower than
the significance threshold, we reject the null hypothesis in favor of the
alternative. As loss functions 𝐿𝑡(⋅), we use the above-mentioned ND and
NRMSE metrics leading to the multivariate variant of standard DM tests
and assume that the loss differential series is covariance stationary.

3.4.2. Probabilistic forecasting
The performance of the probabilistic forecasting is quantitatively

evaluated based on the reliability and sharpness criteria. The relia-
bility (also called calibration or unbiasedness) validates the statistical
consistency between the distributional forecasts and the observations,
whereas the sharpness measures the concentration of the predictive
distributions.

The reliability is typically assessed by the coverage rate of the PI
using a ‘hit and violation’ indicator 𝐼 (𝑖)𝑡 :

𝐼 (𝑖)𝑡 =

{
1, 𝑦(𝑖)𝑡 ∈ [�̂�(𝑖)

𝑡 , �̂� (𝑖)
𝑡 ] → ‘hit’,

0, 𝑦(𝑖)𝑡 ∉ [�̂�(𝑖)
𝑡 , �̂� (𝑖)

𝑡 ] → ‘miss’ (violation),
(7)

where �̂�(𝑖)
𝑡 and �̂� (𝑖)

𝑡 are the lower and upper bounds of PI for the series
𝑖 at time 𝑡. These bounds of PI with a nominal coverage rate 𝑐 and
confidence level 𝛼 can be described by the lower (i.e, 𝜏 = 𝛼∕2) and
upper (i.e, 𝜏 = 1−𝛼∕2) quantile. That means that for the PI, the nominal
coverage should be equal to P(𝑦(𝑖)𝑡 ∈ [�̂�𝜏,(𝑖)𝑡 , �̂�𝜏,(𝑖)𝑡 ]) = 1 − 𝛼 = 𝑐, i.e., the
realized value is expected to be within the predicted range 100 ⋅ 𝑐 %
of the time. For one-sided PI specified by an individual quantile 𝜏,
i.e., [−∞, �̂�𝜏,(𝑖)𝑡 ], the realized value is anticipated to be lower than the
predicted quantile 𝜏 in 100 ⋅ 𝜏 % of the cases.

Given the sequence of {𝐼 (𝑖)𝑡 }𝑇𝑡=1, the prediction interval coverage
probability (PICP) is found as follows:

PICP = 1
𝑁

∑
𝑖,𝑡

𝐼 (𝑖)𝑡 , (8)

whereas the mismatch of the empirical coverage with the prediction in-
terval nominal coverage (PINC) is evaluated using the average coverage
error (ACE):

ACE = PICP − PINC. (9)

Generally, the closer the empirical coverage is to the nominal rate, the
better.

The coverage rate is formally validated by conditional coverage
(CC) Christoffersen tests [54] that assess an unconditional coverage
(UC) and independence hypothesis by LR evaluation procedures.

The unconditional coverage test, initially developed by Kupiec [55],
tests the null hypothesis that the nominal coverage rate is equal to the
empirical 𝐻0 ∶ E(𝑐) = E(𝜋) based on the total number of violations and
ignoring the order of the ‘hits’ and ‘misses’:

LRUC = −2 log
{ (1 − 𝑐)𝑛0 (𝑐)𝑛1
(1 − 𝜋)𝑛0 (𝜋)𝑛1

} asymp.∼ 𝜒2(1), (10)

where 𝜋 = 𝑛1∕(𝑛0 + 𝑛1) is the percentage of hits, 𝑛0 and 𝑛1 being the
number of ones and zeros in the indicator 𝐼 (𝑖)𝑡 series. The null hypoth-
esis is rejected if the actual fraction of PICP violations is statistically
different than 𝛼.

The independence test validates the hypothesis of an absence of the
first-order dependence in the violation sequence, i.e., the violations
must be distributed independently, based on the estimation of the
first-order Markov chain model, and it is defined as follows:

LRIND = −2 log
{

(1−𝜋2)𝑛00+𝑛10 (𝜋2)𝑛01+𝑛11
(1−𝜋01)𝑛00𝜋

𝑛01
01 (1−𝜋11)𝑛10𝜋

𝑛11
11

} asymp.∼ 𝜒2(1), (11)

Table 3
Details of the hyperparameter search space.

Parameter Search space Stochastic expression

Hidden units 25, 26, 27, 28 Quantized uniform
52⋅ [21, 22, 23]

Batch size 26, 27, 28, 29, 210 Quantized uniform
Dropout rate 0.1, 0.2, 0.3, 0.4, 0.5 Quantized uniform
Learning rate 10−4, 10−3 , 10−2 Quantized uniform

5⋅ [10−4, 10−3]

where 𝜋2 = (𝑛01 + 𝑛11)∕(𝑛00 + 𝑛01 + 𝑛10 + 𝑛11), 𝑛𝑖𝑗 is the number of
observations with value 𝑖 followed by 𝑗 and 𝑛𝑖𝑗 = P(𝐼 (𝑖)𝑡 = 𝑗|𝐼 (𝑖)𝑡−1 = 𝑖).
The conditional coverage test is then numerically related with the LR
test statistics of UC and the independence tests as their sum LRCC =
LRUC + LRIND

asymp.∼ 𝜒2(2), if we condition on the first observation.
We conduct the Christoffersen tests for 80% PI (i.e., 𝑐 = 0.8, 𝛼 = 0.2,

𝜏 = 0.1, 𝜏 = 0.9) of the last 24 h of the day-ahead forecast separately
for each hour and the univariate time series. Then, the results of the
LR statistics are presented as mean values per a set of multivariate time
series.

The sharpness is evaluated with a bidirectional wQL, 𝜏 ∈ (0,1),
denoted as quantile risk in [9]:

wQL𝜏 (𝒀 , �̂� ) = 2
∑

𝑖,𝑡 P𝜏 (𝑦
(𝑖)
𝑡 , �̂�(𝑖)𝑡 )

∑
𝑖,𝑡 |𝑦(𝑖)𝑡 |

, (12)

where the quantile loss per time index is defined as:

P𝜏 (𝑦
(𝑖)
𝑡 , �̂�(𝑖)𝑡 ) =

{
𝜏(𝑦(𝑖)𝑡 − �̂�(𝑖)𝑡 ), if 𝑦(𝑖)𝑡 > �̂�(𝑖)𝑡
(1 − 𝜏)(�̂�(𝑖)𝑡 − 𝑦(𝑖)𝑡 ), otherwise.

(13)

For the statistical validation of the wQL metric, we apply Diebold–
Mariano tests with the arrangements described for the accuracy evalu-
ation (see Section 3.4.1).

For more details about the evaluation of probabilistic forecasting,
the reader is referred to [56]. In this study, only 0.1 and 0.9 quan-
tiles were used for the wQL evaluation as it is done in the reference
models [9,18]. These metrics were selected because they are common
in DL research and can provide full-stack evaluation of the model
generalization abilities for deterministic and probabilistic multivariate
forecasts. For all the error metrics, lower values indicate a better model
performance.

3.5. Hyperparameter optimization

In the selected models, the optimal values for hyperparameters were
chosen based on a grid or manual search, but no information about the
effects of these parameters on the model performance was given. The
hyperparameter optimization in this study aims to reveal the sensitivity
of the DL models to the most common hyperparameters and investigate
their optimal values in a day-ahead forecasting scenario. This experi-
ment was conducted by sequential model-based optimization with the
Tree Parzen Estimator algorithm that selects the next hyperparameters
based on Bayesian reasoning [57].

The search space of the selected hyperparameters is presented in
Table 3 and based on the outer intersection of the common hyper-
parameters initially used for the grid search or manual tuning of the
models. The hyperparameters include the number of hidden units in
the recurrent or dense layers, batch size, dropout rate, and learning
rate. The number of hidden units is controlled in the dense layers
with DeepTCN and DSANet and in the recurrent layers in the case of
DeepAR and LSTNet. Moreover, the maximum batch size was limited
to 28 for the DSANet model owing to GPU memory issues, but batch
sizes 24 and 25 were added to the search space in order to keep the
search space more consistent with the other models. The effect of input
sequence length on prediction accuracy was ignored using the look-
back window of 168 h for all the models. The rest of the parameters
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were not fitted and used as default values for the datasets with the same
resolution and properties in the corresponding models to preserve the
model architecture.

The number of iterations for the sequential optimization was limited
to 100 because of its high computational requirements [58]. Compared
with the training conditions, the maximum number of epochs and
early stopping criteria were decreased by a factor of five, i.e., to
100 and 5. Moreover, the dataset was reduced to 11% for training
and about 4% for validation and testing. The loss function for the
sequential optimization is defined by the best mean absolute error
obtained on the validation set. The number of epochs, dataset length,
and stopping criteria were decreased with the intention to obtain
close-to-optimal values under lower computation requirements. The
models during the hyperparameter optimization were examined from
the viewpoints of run-time efficiency by total simulation time, mean
and standard deviation of the GPU memory, convergence rate, and
estimated energy consumption. The simulation time measures the wall-
clock time of dataset preprocessing and model training and evaluation
for all iterations. The convergence rate is equal to the average number
of epochs required to find the best solution, after which the early
stopping criterion is reached. The energy consumption is estimated as
the maximum power of the peripheral component interconnect express
(PCIe) card (300 W) multiplied by the simulation time (h) and the
proportion of mean GPU memory from the maximum GPU memory (32
GiB).

3.6. Model sensitivity

Besides the hyperparameter tuning, we also studied the model
sensitivity to exogenous variables and fieldwise split based on the day-
ahead forecasting problem with the open power system dataset. The
former experiment consisted of removing or adding the calendar and
time exogenous variables from and to the models. For the DeepAR
and DeepTCN models with these variables used by default, we left
only categorical variables, but removed the calendar and time features.
For LSTNet and DSANet, the exogenous variables were added as the
input sequences that were then retrieved from the error analysis. The
idea of fieldwise split experiment was to validate the hypothesis that
the DL models can extract the correlations of the time series from the
related fields of power system operations, e.g., the total load and price
from the same market bidding area. This experiment was conducted
by splitting the open power system dataset in a fieldwise manner
(i.e., load, price, wind, and solar fields), and training and validating
the models separately on each of the obtained subsets of data.

3.7. Experiment environment

The experiments were executed on a node of an Intel Xeon proces-
sor running at 2.1 GHz (Xeon Gold 6230) and with 4 NVIDIA Tesla
V100-SXM2 GPUs containing 32 GiB of memory each.

4. Empirical results

4.1. Accuracy, reliability, and sharpness assessment

The test results for the assessment of the average model accuracy
and sharpness of the electricity and open power system datasets are
shown in Figs. 5a–5b with ND and NRMSE and weighted quantile loss
(wQL10 and wQL90)3. The observations suggest that the best score
in ND with the electricity dataset is achieved by the local FFNN
model. The other models (e.g., DSANet, DeepAR, and naïve bench-
marks) follow closely by, whereas LSTNet and DeepTCN constitute
a group with the largest ND. The score distribution for the NRMSE

3 Numerical data of the experiment results is available in Appendix A.

is more volatile with different winning methods for specific horizons
but still distinguishes two main groups with different performance. In
contrast to the ND metric, the Naïve-2 model has shifted to the worst
performing group, the DeepAR results have worsened, and the rest
generally remain unchanged. The sharpness evaluation of the model
forecasts repeated the ranks of model performances on NRMSE with
the exception of the DSANet model that demonstrated low-quality
sharpness for the lower (wQL10) and upper (wQL90) quantiles. Overall,
the models have more difficulties to forecasts the upper quantile of the
datsets.

With the open power system dataset, the best accuracy and sharp-
ness are demonstrated by DeepAR. Together with DeepTCN, these
models outperform all benchmarks, and in contrast to the previous
dataset, all DL models outperform the naïve benchmarks except in a
few cases for the 36 h ahead forecast horizon. The error variation and
wQL are weakly dependent on the time horizon in the electricity
dataset, whereas they are more strongly correlated with the open
power system dataset. For this dataset, the NRMSE values tended to be
lower than in the electricity dataset, which can be explained by the
different granularity levels of the datasets, where individual electricity
metering data have more rapid peak values. Overall, the poor LSTNet
and DSANet results in wQL in both datasets suggest that the risk of
uncertainty estimation obtained with the MC approximation tends to
be higher than with the other methods. In relation to the benchmarks
for both datasets, the larger was the forecast horizon, the closer was the
performance of the naïve models to the best performing models, and
the local FFNN performed well ranking first and third for the datasets,
respectively.

The test results were also examined separately for each of the vari-
able types in the open power system data in Figs. 5c–5f. The Load time
series were predicted with the highest accuracy and smallest quantile
risks at both quantiles. For example, DeepAR, as the best performing
model, achieved ND and wQL less than 4% and 2%, respectively, for
the 36 h ahead forecasts. Interestingly, the Naïve-2 model performed
generally very well and close to the DeepAR results for the 36 h forecast
horizon. For the Price series, the error amplitude was higher with the
best levels of accuracy and the quantile risk of 8%–10% and 4%–8%,
respectively, along the horizon. The level of forecast accuracy and
sharpness evaluation significantly deteriorated for renewable source
variables compared with the Price and Load series. The best point
forecast accuracy and sharpness for Solar time series forecasts was
shown by the DeepAR and DeepTCN models followed by FFNN. The
level of ND, and wQL varied between 8%–20% and 5%–13%. The
stochasticity of the Wind time series causes a rapid deterioration of
the forecast quality along the horizons, which can be the reason for
the higher error dependence with the forecast horizon. In particular,
the wQL varied from 6% to 28%, whereas ND varied from 8% to
35% along the forecast horizon. As it was assumed in Section 3.2.1,
the Naïve-1 benchmark performed better than Naïve-2 for renewable
generation forecasts. In general, the DL models demonstrated superior
performance for intraday forecasts of renewable generation over the
benchmark models. On the other hand, the advantages of DL models
for the Load and Price series were marginal. In addition, DeepTCN and
DSANet showed unstable results for the Price and Solar time series.

The results of empirical coverage for one-sided prediction intervals
of 0.1 and 0.9 quantiles on the electricity and open power system
datasets are illustrated in Fig. 6 with the average coverage error (ACE,
see Section 3.4.2) for all forecast horizons. In the figure, the error is
indicated by red color with respect to the 0.1 and 0.9 quantiles (marked
with a dashed line) that cover 80% PI (marked in gray). For one-sided
intervals, ACE is negative when the quantile forecasts are biased lower
than the required quantile. In this case, the red area is located to the
left from the corresponding quantile dashed line and to the right for
the positive ACE.

Nearly all the models yield a small ACE for the whole electricity
and open power system datasets except the LSTNet and DSANet models
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Fig. 5. Best point forecast losses and quantile 𝜏-risk achieved by the models for the electricity (a) and open power system (b) datasets as well as for the Load (c), Price (d),
Wind (e), and Solar (f) related fields of the open power system dataset. ND: normalized deviation, NRMSE: normalized root mean square error. QL10 and QL90: quantile risks at
0.1 and 0.9 quantiles, respectively. The lower metric values indicate a better model performance.

with narrow and overly narrow PIs, respectively, which were obtained
by the MC dropout. In Figs. 6c–6f, we can observe the model reliability
per a particular variable, which excludes complementary coverage com-
pensation by forecasts of different variables. For example, the quantile
forecasts of FFNN have wider coverage levels than the nominal for
Load, but narrower than the nominal for Price. The LSTNet model
has generally narrow prediction intervals and, especially, difficulties in
capturing peak values of Price and Load, which leads to a large negative
ACE for the upper quantile of these variables. The coverage of DSANet
has also a very large ACE, and, together with LSTNet, these models
underestimate the uncertainty and the least reliable for probabilistic
forecasting. DeepTCN has generally a small ACE, but the sign of this
error varies per variable and horizon supporting the observations above
about the quantile loss. Surprisingly, the naïve benchmarks have the
lowest ACE among all the models, but DeepAR and FFNN follow closely
by.

4.2. Tests of statistical significance

In Fig. 7, we summarize the results of the DM tests for point (ND and
NRMSE) and probabilistic (wQL) forecast metrics with a binary heat
map. The map is divided into model areas, where each area contains bi-
nary indicators per a particular horizon. A red (blue) square in the map
indicates that forecasts of a model on the 𝑥-axis are significantly better
(worse) than the forecasts of a model on the 𝑦-axis for a particular
horizon. In other words, if in a given area each diagonal square is red,
then the forecasts of models on the 𝑥-axis are significantly better than
those of the model on the 𝑦-axis for all horizons. For example, in Fig. 7b,
the DeepAR model has columns with areas consisting of diagonal red
squares, which indicates that the model is significantly better than any
other model for each metric. In contrast, the models with blue columns
are significantly worse, e.g., DeepTCN for ND in Fig. 7a. If the square
is absent in the area, it indicates that the forecasts are not significantly



Applied Energy 285 (2021) 116405

11

A. Mashlakov et al.

Fig. 6. Results of empirical coverage on the electricity (a) and open power system (b) datasets per particular horizons (from bottom to top: 3, 6, 12, 24, and 36 h). The red
area corresponds to the average coverage error (ACE) from 0.1 and 0.9 quantiles, whereas the gray area corresponds to the nominal coverage of the 80% prediction interval (PI)
covered by these quantiles.

different for a particular horizon. Similarly, the diagonal line is empty
because it concerns the same model on both axes. The lower and upper
triangles show the opposite performance as a result of the standard and
complementary hypothesis testing.

For the electricity dataset, the DM statistic suggests that the
forecasts of the FFNN model are significantly better than the forecasts
of all the other models for the wQL metric, whereas they have compa-
rable results for ND and NRMSE with the forecasts of the DSANet and
naïve models. Among the global DL models, the forecasts of DSANet
are ranked the first based on the ND and NRMSE metric, but they
perform significantly worse than the other model forecasts for wQL
loss. Interestingly, the forecasts produced by the FFNN and Naïve-1
benchmark models demonstrate higher point forecast accuracy and a
lower quantile risk than the forecasts of the global DL models with a
few exceptions in relation to the DeepAR and DSANet forecasts. The
DM results for the open power system dataset are more in favor of
the forecasts by the DL models. In particular, the DeepAR forecasts are
significantly better than the others in all cases, whereas the DeepTCN
forecasts are ranked second based on the accuracy metric, but have a
comparable quantile loss with the forecasts of the FFNN model. The
forecasts of DSANet and LSTNet are better than the naïve benchmarks
for intraday horizons, but fall short of the FFNN forecasts. Overall,
the results of statistical significance are in line with the assessment of
accuracy and sharpness in Section 4.1.

The results of the Christoffersen test on unconditional (LRUC) and
conditional (LRCC) LR statistics (see Section 3.4.2) for 80% PI of the
electricity and open power system datasets are presented in Fig. 8.
We first conducted the tests separately for each variable in the dataset

and for each of the 24 h of the day-ahead (36 h ahead) forecast and
then presented the results as the mean of the LR statistics for all
variables. In the electricity dataset, the naïve benchmarks yield the
best unconditional coverage; see the green crosses and the light blue
pentagons in the top plot of Fig. 8a, by passing both the 1% and 5%
significance levels for all hours. DeepAR and FFNN demonstrate close
performance, but only FFNN passes the 1% level, whereas the mean
of DeepAR forecasts is slightly above this level. The rest of the DL
models (i.e., DeepTCN, LSTNet, and DSANet) fall short to reject the null
hypothesis. For the conditional coverage, the situation is mostly similar
with a minor difference in the performance of the DeepAR and FFNN
models that pass the 1% and 5% tests for certain horizons. Overall,
the LR statistics does not reveal any pattern along the hours. For
the open power system dataset, the naïve models remained the clear
leaders in both unconditional and conditional coverages. However, in
contrast to the previous dataset, none of the DL models managed to
pass the significance test for the UC. For the CC, DeepAR reached 1%
significance only for few hours, but DeepTCN and FFNN were close
to this level. The performance of LSTNet and DSANet remained the
worst among the models, whereas the DeepTCN model showed an
improvement in both statistics and came close to DeepAR and FFNN
for the CC. In contrast to the electricity dataset, the UC and CC of
several models showed the coverage pattern with a dip during the daily
hours.

4.3. Hyperparameter sensitivity

The search of sequential hyperparameter optimization for DeepAR,
DeepTCN, LSTNet, and DSANet is illustrated in Fig. 9 with kernel
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Fig. 7. Results of the conducted one-sided Diebold–Mariano tests at the 5% significance levels on the electricity (a) and open power system (b) datasets for point accuracy (ND
and NRMSE) and quantile risk (wQL) of 0.1 and 0.9 quantiles per particular (from left to right by diagonal: 3, 6, 12, 24, and 36 h) horizons. A red (blue) square indicates that
the forecasts of a model on the 𝑥-axis are significantly better (worse) than the forecasts of a model on the 𝑦-axis for a particular horizon, whereas an absence of square indicates
that the forecasts are not significantly different for a particular horizon.

Fig. 8. Results of the Christoffersen tests on unconditional (LRUC) and conditional (LRCC) LR statistics for the electricity (a) and open power system (b) datasets. The statistics
is obtained for day-ahead (36 h ahead) forecast of 80% prediction interval (PI) separately for each 24 h of the next day. The solid (dashed) horizontal lines represent the 1%
(5%) significance level of the appropriate 𝜒2 distribution. All the test values exceeding 20 are set to 20.

density estimation and linear regression. The gray areas represent the
estimated density of model hyperparameters based on the observed hy-
perparameter samples, and they are complemented by average values
of these samples indicated by a dashed line. The number of hidden
units (HU) has generally an increasing tendency with a few exceptions
(e.g., DeepTCN and LSTNet in the electricity and open power system
datasets, respectively), which is correlated with a decreasing dropout
rate (DR) in many cases (except DSANet). However, one would expect
positive correlation, i.e., more hidden units-higher dropout rate, as a
way to prevent overfitting. The learning rate has mostly a positive cor-
relation with the batch size, which can be seen as a measure to balance
the gradient update distance of different batch sizes. Overall, the NDs
demonstrated by the regression plots continuously decrease along the
iterations, validating the correctness of the selected hyperparameters
during the search.

The sensitivity of the hyperparameters to the ND of the models
is described in Table 4. The results suggest that the DSANet model
demonstrated more stable predictions compared with the other models,

Table 4
Error sensitivity of the models.

Dataset DeepAR DeepTCN LSTNet DSANet

Electricity 0.26 ± 0.107 0.38 ± 0.260 0.21 ± 0.142 0.14 ± 0.020
Open power system 0.24 ± 0.099 0.32 ± 0.281 0.33 ± 0.141 0.16 ± 0.070

whereas DeepTCN had the highest sensitivity to the hyperparameters.
The results may also indicate that there are not enough examples in the
data for DeepAR, DeepTCN, and LSTNet for convergence. However, the
results of DSANet are more in line with the ones presented in Fig. 5b.

4.4. Run-time efficiency

The results of the run-time efficiencies of the models including
wall-clock simulation time, GPU memory usage, convergence rate, and
electricity consumption are presented in Tables 5 and 6. The dimen-
sionality of the dataset has almost a linear effect on the simulation
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Fig. 9. Results of sequential model hyperparameter optimization for the electricity (a) and open power system (b) datasets. The darker the gray area, the higher the estimated
kernel density of the model hyperparameters based on the observed samples, whose average is represented by the dashed line. ND: normalized deviation, BS: batch size, DR:
dropout rate, LR: learning rate, HU: hidden units, +: the best result.

Table 5
Run-time efficiency of models during hyperparameter optimization for the electricity
dataset.

Parameter DeepAR DeepTCN LSTNet DSANet

Simulation time, h:min 150:16 17:51 07:25 18:56
GPU memory, GiB 4.71 2.22 15.23 14.22
GPU memory, stdDev 1.06 0.22 0.98 2.24
Convergence rate, epochs

100
0.10 0.56 0.42 0.31

Energy consumption, Wh 6635 372 1059 2524

Table 6
Run-time efficiency of models during hyperparameter optimization for the open power
system dataset.

Parameter DeepAR DeepTCN LSTNet DSANet

Simulation time, h:min 80:55 09:04 05:30 11:05
GPU memory, GiB 4.49 2.01 9.76 8.22
GPU memory, stdDev 1.02 0.14 0.97 6.4
Convergence rate, epochs

100
0.09 0.47 0.44 0.17

Energy consumption, Wh 3406 171 503 854

time for the DeepAR and DeepTCN models and on the GPU usage of the
LSTNet model, whereas with DSANet there appears to be a linear effect
with both of them. DeepAR with a likelihood model has a significantly
reduced convergence rate compared with the quantile- and conditional-
mean-based DeepTCN, LSTNet, and DSANet models. Interestingly, the
most energy-consuming model consumes approximately up to 20 times
more energy than the least consuming model.

4.5. Effect of exogenous variables

The effect of exogenous variables (i.e., calendar and time) on the
accuracy and sharpness of forecasts in the open power system dataset
is visualized in Fig. 10a. DeepTCN appeared to be the most reliant on
exogenous variables, and the reliance was the most evident in the case
of solar power generation data. However, the results of DeepAR, LST-
Net, and DSANet were not affected that much. The reason for the low
influence on the results of at least the LSTNet and DSANet models can
be a method of integration of these calendar and time variables through
input time series. A higher influence on the forecasting performance
can be achieved if these variables are more comprehensively merged
into the model architectures.

4.6. Cross-field dependence

The benefit of fieldwise prediction instead of simultaneously pre-
dicting the whole open power system data is visualized in Fig. 10b.
All the models benefited slightly from the fieldwise split in both the
point accuracy and the quantile loss, whereas DSANet had a substantial
gain in NRMSE but a loss in wQL10. Overall, the results indicated that
it is more beneficial to use the fieldwise split instead of predicting
with the whole data. This is in conflict with the initial hypothesis that
several time series from related fields can improve forecasting when
using cross-series dependences. However, there are a few exceptions:
for example, DeepAR would achieve better results for wind generation
and slightly better results for load prediction when using the whole
dataset. The results can be further verified if using the dataset from an
isolated power system with more closely coupled processes.

5. Discussion

5.1. Model performance

5.1.1. Accuracy
An analysis of the DL model point accuracy on the presented

datasets suggests that the performance of the studied architectures can
be data- or context-specific. In particular, the global DL models can
perform well on the homogeneous electricity dataset, e.g., DeepAR
and DSANet, but their feasible superiority is more evident on the
heterogeneous open power system dataset, e.g., DeepAR and DeepTCN.
We assume that the latter is possible if the global model truly enables
cross-learning of the dependences across multiple time series of the
dataset.

These results of global model performances in comparison with the
local benchmark model (FFNN) are in line with previous empirical
evaluations [59], suggesting that global models are superior over local
ones in forecasts for heterogeneous datasets, i.e., the global models can
generalize better for unrelated simple patterns, but the local models can
retrieve more complex patterns per similar series. However, the split-
ting experiment also slightly supports the more traditional assumption
that the global models offer benefits over local methods only when the
time series involve similar or related patterns.

Regarding the multihorizon forecast approaches, we investigated
two types of models, i.e., many-to-one (DSANet and DeepAR) and
many-to-many (DeepAR and DeepTCN). The results suggest that the
forecast models with the many-to-one approach generally perform
worse than the other. For example, DSANet has one of the lowest
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Fig. 10. Effect of time- and calendar-related exogenous variables (a) and fieldwise split (b) on losses in the open power system dataset. Negative values indicate that the results
are better with exogenous variables or fieldwise split, and positive values the opposite. PS: whole dataset, L: Load, P: Price, W: Wind, S: Solar.

accuracies for the open power system dataset but one of the best for
the electricity dataset, whereas LSTNet is the least accurate for
both (see Fig. 5). In theory, this difference in the performances of the
many-to-one models can be explained by the absence of a recursive
strategy in DSANet and its presence in LSTNet. The recursive strategy
can accumulate errors of previous steps along the forecast horizon and
make the overall accuracy worse. However, it is unlikely the case for
the experiments carried out in this study because the initial error levels
of LSTNet and DSANet in the open power system dataset are higher
than the best-performing competitive models. Therefore, potentially
other problems in the model architecture affect the performance and
should be studied in the future.

5.1.2. Reliability and sharpness
In the study, four methods of generating probabilistic forecasts by

the DL model were investigated: producing selected quantiles directly
by the DL model (DeepTCN), fitting the DL parameters of probability
distribution (DeepAR and FFNN), and applying ‘‘bootstrapping’’-based
MC dropout during the testing (LSTNet and DSANet). Moreover, a post-
hoc residual simulation based on the point forecast was conducted for
two naïve models.

The results suggest that the probability distribution and residual
simulation methods provide a statistically significant performance im-
provement in the reliability and sharpness of forecasts. On the other
hand, MC dropout probabilistic forecasts produce too narrow PIs,
whereas quantile forecasts are unable to reliably capture the distribu-
tion of several groups of series. Therefore, further work should be done
to investigate the reasons for these phenomena.

5.1.3. Run-time efficiency
The scalability of the DL models was questioned, and a linear

dependence of the dataset dimensionality with the simulation time
and the GPU resource usage was observed in some cases. Moreover,
a hypothesis of a higher computational time needed for more accurate
results can be partly supported with the results. Therefore, the choice
of the model is mostly affected by the application requirements for
users’ specific needs and data dimensionality, and the decision can be
prioritized based on the forecast accuracy, uncertainty risks, hardware
limitations, or a trade-off between these conditions.

5.2. Limitations and implications

The trustworthiness of the research results can be questioned by sev-
eral factors. For instance, although the length of OOS testing covered
half a year with summer–autumn–winter periods for both datasets, it is
less than the one-year OOS period recommended in the literature [52].
Moreover, the number of DL models and the number of datasets provide

a sufficient view to the DL performance of the investigated models for
energy forecasting but cannot necessarily be generalized to other mod-
els. Furthermore, the hyperparameter tuning was implemented based
on a fraction of the datasets and only for a 36 h forecast horizon. This
could potentially lead to suboptimal model training and forecasting
results.

However, with respect to the present developments in the forecast-
ing domain in general, and energy forecasting in particular, this study
follows most of the state-of-the-art practices. For example, the study
meets several requirements introduced by the recent well-known M5
forecasting competition [60] and energy forecasting literature [52]: a
clearly defined application domain, assessing forecast uncertainty along
with the point forecast accuracy, well-recognized evaluation methods
with the assessment of their statistical significance, datasets with high-
frequency hourly data, and existing cross-correlations between the
multivariate series.

Moreover, the final results of the competition suggest that the
advanced global DL models can become mainstream methods dealing
with large datasets and motivate further research in this field [60].
Keeping in mind the data-specific performance of the investigated
DL models, more automated testing of global models is required to
progress the research, e.g., using open source libraries available in
the DL community, such as the modeling toolkit GluonTS [51]. To
support the reproducibility of the research, we share the code for the
modifications and experiment arrangements of the applied and already
publicly available DL models as well as publish the preprocessed open
power system dataset.

6. Conclusion

This study bridges the gap between the adoption of novel global
deep-learning-based models for probabilistic multivariate forecasting in
the deep learning community and the applicability of these methods
for energy forecasting. In particular, this work provides insights for the
academia, industry specialists, and practitioners into plausible levels of
forecast accuracy and uncertainty that can be achieved in this context
with the use of novel global deep learning models. Moreover, this study
provides a numerical quantification of challenges that such methods
have in terms of computational efficiency, hyperparameter sensitivity,
and influence of exogenous and field-dependent variables.

In summary, the results suggest that a satisfactory level of accuracy
and uncertainty risk can be achieved by global deep learning models for
the forecasting of load, price, and solar time series exclusively based
on historical data, but additional exogenous information is required
to minimize the forecast loss of the more stochastic wind time series.
Moreover, in comparison with the local models, the empirical results
seem especially favorable for the applicability of these global models



Applied Energy 285 (2021) 116405

15

A. Mashlakov et al.

for intraday forecasts and heterogeneous datasets. Furthermore, the
results also indicate that with a large dataset where the fieldwise split
of the data is feasible, the results can be slightly improved by splitting.
In general, the addition of calendar and time exogenous variables
has a minor but mainly positive effect on the model performances. A
hyperparameter sensitivity test indicated that careful tuning or search
of good hyperparameters should be carried out when selecting the
model to be used to achieve the best results. These findings motivate
further exploration of global deep learning models for probabilistic
multivariate energy forecasting.

Interesting future research directions include integration of mul-
tivariate forecasts into decision-making under uncertainty risks, im-
provement of the deep learning models with privacy-preserving fed-
erated learning, and merger of numerical weather predictions into the
model architectures.
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A B S T R A C T

Scheduling of prosumer flexibility is challenging in finding an optimal allocation of energy resources for
heterogeneous prosumer goals under various forecast uncertainties and operation constraints. This study
addresses this challenge by introducing a bottom-up framework for cooperative flexibility scheduling that relies
on a decentralized network of scheduling agents to perform a coordinated decision-making and select a subset
of households’ net load schedules that fulfills the techno-socio-economic prosumer objectives in the resource
operation modes and ensures the reliability of the grid. The resource flexibility in terms of alternative operation
schedules is mathematically modeled with multiobjective optimization that attains economic, environmental,
and energy self-sufficiency prosumer goals with respect to their relative importance. The coordination is
achieved with a privacy-preserving collective learning algorithm that aims to reduce the aggregated peak
demand of the households considering prosumers’ willingness to cooperate and accept a less preferred resource
schedule. By utilizing the framework and real-world data, the novel case study is demonstrated for prosumers
equipped with solar battery systems in a community microgrid. The findings show that the flexibility scheduling
with an optimal prosumer cooperation level decreases the global costs of collective peak shaving by 83%
while increasing the local prosumer costs by 28% in comparison with noncooperative scheduling. However,
the forecast uncertainty in net load and parameters of the frequency containment reserve causes imbalances
in the planned schedules. It is suggested that the imbalances can be decreased if the flexibility modeling takes
into account variable specific levels of forecast uncertainty.

1. Introduction

A transition toward a low-carbon, decentralized, and heavily electri-
fied energy system requires smart grids to cope with the intermittency
of supply-side renewable generation [1], sudden distribution network
congestions [2], and an increasing need for reserve and peak generating
capacity [3]. On the other hand, the proliferation of distributed energy
resources (DERs) in low voltage distribution networks along with the
advancements in demand-side connectivity and automation technolo-
gies offer the potential to intelligently coordinate prosumer flexibility
and address the nascent challenges [4]. The prosumer flexibility is
based on the capability of DERs to realize alternative operation modes
by modulating their feed-in or feed-out active or reactive power in scale
and/or time [5]. More specifically, flexible DERs such as battery energy
storage systems (BESSs) can adjust or shift energy demand by storing
(releasing) energy when an excess (peak demand) occurs in the grid.
This operational flexibility can be used for individual and/or system-
wide value when providing essential grid services [6] and reacting to
direct (i.e., volumetric) or indirect (e.g., price) external signals [7].

∗ Correspondence to: Yliopistonkatu 34, 53850 Lappeenranta, Finland.
E-mail address: aleksei.mashlakov@lut.fi (A. Mashlakov).

The success of unlocking DER flexibility, however, is contingent
on the extensive engagement of the owners of these assets, prosumers
(also referred to as active energy citizens [8,9]), in the energy markets
and services of the smart grid. In this context, energy communities
are proposed as a European legal framework to foster prosumerism,
i.e., the collective participation of civil society in energy governance
with benefits to a commonwealth [10]. In particular, the prosumer
flexibility concentrated in these communities can be aggregated by
software-based virtual power plants (VPPs) [11]. In that case, this
flexibility can be managed for the prosumer or community benefits, as
well as for the cost-effective decarbonization, improved grid stability,
and security of supply [12]. For instance, provision of grid services
with aggregated prosumer flexibility can enable more fine-grained
frequency containment reserve (FCR) [13] and network congestion
management [2] than conventional measures, such as building and
maintenance of centralized fossil fuel-based power plants [14], grid
updates and reinforcement [15]. Nevertheless, augmenting smart grid

https://doi.org/10.1016/j.apenergy.2021.116706
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Nomenclature

Abbreviations

AF availability factor
BESS battery energy storage system
DER distributed energy resource
DoD Depth of discharge
DSO distribution system operator
EFR enhanced frequency response
FCR frequency containment reserve
FiT feed-in tariff
MILP mixed-integer linear program
MOO multiobjective optimization
NLF net load factor
PV photovoltaic
SPM service performance measure
ToU time-of-use tariff
TSO transmission system operator
VPP virtual power plant

Indices

a agent
𝑑 simulation day
𝑖 schedule; quantile
𝑗 objective function
𝑘 forecast step
ℎ household
𝑟 random sample
𝑠 second substep of schedule period 𝑡
𝑡 schedule time period
𝑢 uncertain variable

Parameters

𝐷lim [0, 1] depth of discharge limit
𝐸b, 𝐸

b
R+ min. and max. battery energy capacity, kWh

𝑁 N+ cycle warranty of battery storage
𝑃 b R+ rated power capacity of battery storage, kW
𝑃 nl R+ max. admissible power of household, kW
Rle
𝑠 ,R

ue
𝑠 [0, 1] lower and the upper envelope limits of the

required FCR regulation power at time 𝑠
𝛥𝑠 R+ duration of guaranteed FCR provision, h
𝛥𝑡 R+ duration of each schedule period, h
𝜀 R+ accuracy threshold of FCR performance
𝜂ch, 𝜂dc [0, 1] charging and discharging efficiency of

BESS
𝜆 [0, 1] prosumer cooperation level
𝜏 [0, 1] quantile level
𝜋b R+ unitary costs of battery degradation, £/kWh
𝜋cell R+ battery cell price, £/kWh
𝜋f it R+ unitary remuneration from FiT, £/kWh
𝜋fcr R+ unitary remuneration from FCR, £/kW/h
𝜋tou
𝑡 R+ unitary costs of ToU at time 𝑡, £/kWh

Sets

 set of control agents, with  = {1, 2,… , 𝐴}
 set of daily time periods, with  = {1, 2,… , 𝐷}
a set of feasible flexibility, with a =

{[𝑝b
a,1, 𝑒

b
a,1], [𝑝

b
a,2, 𝑒

b
a,2],… , [𝑝b

a,𝑇 , 𝑒
b
a,𝑇 ]} set of households, with  = {1, 2,… ,𝐻}

 set of forecast horizons, with  = {1, 2,… , 𝐾}

a set of net load power schedules, with a =
{𝐩nl1,a,𝐩

nl
2,a,… ,𝐩nl𝐼,a} set of random samples, with  = {1, 2,… , 𝑅}

 set of second time periods, with  = {1, 2,… , 𝑆}
 set of schedule periods, with  = {1, 2,… , 𝑇 }
a set of decision variables, with a =

{[𝐩b1,a,𝐂
fcr
1,a], [𝐩

b
2,a,𝐂

fcr
2,a],… , [𝐩b𝐼,a,𝐂

fcr
𝐼,a]}

𝛯a set of forecast uncertainties, with 𝛯a =
{[𝜉𝜉𝜉𝜏1 ,… , 𝜉𝜉𝜉𝜏𝐼 ]1, [𝜉𝜉𝜉

𝜏1 ,… , 𝜉𝜉𝜉𝜏𝐼 ]2,… , [𝜉𝜉𝜉𝜏1 ,… , 𝜉𝜉𝜉𝜏𝐼 ]𝑈 }
𝛱a set of local cost functions, with 𝛱a =

{𝑓 1
a , 𝑓

2
a ,… , 𝑓𝐽

a }

Variables

[⋅]⋆ R scheduled or required variable value
𝐶 fcr
a,𝑡 [0, 1] fraction of BESS power capacity contracted

for FCR service at time 𝑡
𝑒ba,𝑡 [𝐸b, 𝐸

b
] energy charge of BESS at time 𝑡, kWh

𝐸fcr
a,𝑡 R+ battery energy capacity reserved for FCR, kWh

𝑓𝐺 R+ global cost function
𝐟𝐿a

R+ local multi-objective cost function
𝐟𝑑 R+ trade-off between local and global objectives
𝑓 f
a R financial cost function of agent a, £

𝑓 e
a R environmental cost function of agent a, gCO2

𝑓 s
a R+ self-sufficiency cost function of agent a, kWh

fcr,↑↓
a,𝑠 ,fcr,↑↓

a,𝑑 R forecast error of the maximum up- and
down-regulation signals

NL
ℎ,𝑠 ,NL

𝑠 R household and community net load schedule
imbalance, kW

NL
ℎ,𝑑 R+ daily household net load imbalance, kW

NLF
ℎ,𝑑 ,NLF

𝑑 R household and community NLF imbalances
a,𝑠,a,𝑡 [0, 1] service performance measure of FCR
 nl

ℎ,𝑑 , agg
𝑑 [0, 1] household and community NLF

𝐨 R combination of net load schedules
𝑝agg𝑡 R aggregated net load of all households, kW
𝑃 ↑,fcr
𝑡 , 𝑃 ↓,fcr

𝑡 R predicted maximum up- and down-
regulation FCR powers, kW

𝑝cha,𝑡, 𝑝
dc
a,𝑡 R charging and discharging powers of BESS, kW

𝑝ba,𝑠, 𝑝
b
a,𝑡 R battery storage power, kW

𝑝nlℎ,𝑡 R household net load power, kW
�̃�uncℎ,𝑡 R predicted uncontrollable net load power, kW
𝑟ba,𝑠 R realized FCR regulation signal at time 𝑠, kW
�̇�a,𝑠 R normalized FCR regulation signal at time 𝑠
𝐬a R selected net load schedule
 b

a,𝑠, b
a,𝑑 R battery unavailability due to its constraints, kW

𝑤𝑗
a [0, 1] weight coefficient of objective function

𝑦𝑡+𝑘 R uncertain variable
𝑌 R scenario sample matrix
𝑧𝑗,min
a , 𝑧𝑗,max

a R minimum and maximum of objective space
𝛥�̃�↑↓,fcr

a,𝑡 R battery energy change due to FCR, kWh
𝛥�̃�↑,fcr

𝑡 , 𝛥�̃�↓,fcr
𝑡 R predicted up- and down-regulation battery

energy change due to FCR, kWh
𝛥𝐸b

a,𝑡 R scheduled battery energy change, kWh
𝜁a,𝑡 {0, 1} battery charging vs. discharging at time 𝑡
𝜃𝑗a R+ normalization factor of objective function
𝛬 R+ unfairness of schedule coordination
�̃�𝑡+𝑘 R predicted mean of uncertain variable
𝜉𝜏𝑡 R quantile forecast for level 𝜏
�̃�co2
𝑡 R+ predicted carbon intensity factor, gCO2/kWh

�̃�𝑡+𝑘 R predicted covariance matrix
𝜐𝑗a [0, 1] relative importance of prosumer goal
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optimization and coordination solutions with the prosumers faces a
combination of interdependent socio-technical challenges of putting
‘‘humans in the loop’’, which has received little attention in the lit-
erature so far. Below, we review the literature with respect to these
challenges.

1.1. Literature review

The majority of previous studies in the optimization and coor-
dination of prosumer flexibility have focused on the social welfare
through homogeneous, mostly economic, benefits for the owners and
the community [16–19]. The authors in [16] formulated an energy
scheduling problem of households’ DERs in a neighborhood that aims
to achieve the social benefits in terms of electricity bill reduction,
whereas cutting of the collective peak load was treated as a by-product.
The cost minimization of energy procurement in an energy community
was demonstrated in [17] with a day-ahead collaborative scheduling
framework of prosumers’ DERs in comparison with an independent
management approach. Likewise, significant cost savings with respect
to the individual optimization of assets were achieved by a community-
based collaborative scheduling framework for power exchanges in [18].
Finally, the optimal operation of an energy community in terms of
profitability by provision of reserve services was presented in [19].
Recent research, however, has distinguished the heterogeneous motiva-
tions of individual prosumers in adopting [20] and managing [21] DERs
and participating in energy communities [22], including autonomy,
adoption of technology innovations, or sustainability, to name a few.
Neglecting the underlying variation in the goals of prosumers can affect
their willingness to co-create flexibility and undermine the potential of
prosumer flexibility for the smart grid benefits [23].

In this scenario, the prevailing centralized and top-down control
logic of coordination mechanisms, with a central controller or com-
munity manager (see [17,19]), falls short of achieving a socially opti-
mal level of DER coordination with prosumer-preferred DER operating
models [24,25]. Moreover, the centralized coordination can also be
infeasible and impractical for a large population of resources because of
high requirements for computational processing and communications
infrastructure [24,26], approximation of the actual flexibility poten-
tial [27], and possible violation of prosumer data privacy with cen-
tralized data collection [26]. Therefore, the decentralized optimization
strategies have been proposed to address these problems of centralized
coordination, including an alternating direction method of multiplier
decomposition [13,17,28], variants of the Dantzig–Wolfe decomposi-
tion [29,30], and decentralized combinatorial optimization [31]. In
these strategies, the decisions are made locally ensuring the optimality
of local goals and compliance with the associated system objectives and
constraints. Furthermore, the scheduled household power exchanges
with the grid are usually the only information being disclosed for
the coordination. These strategies were applied to the energy procure-
ment for local and system-level cost minimization [17,29]; combined
electricity and frequency reserve procurement from residential house-
holds under thermal comfort constraints [13]; flexibility provision in a
customer-aggregator hierarchical framework with multiple local goals
or a trade-off between them and system objectives [28]; demand re-
sponse coordination to maximize the aggregator profit at the system
level while ensuring the desired local financial benefits and com-
fort [30]; and appliance-level scheduling for peak demand reduction
at the system level under consumer comfort preferences and partic-
ipation fairness [31]. Although these studies resolved computational
burden, privacy concerns, and scalability limitations, the forecast un-
certainties coupled with DER optimization at the local (e.g., household
load demand) or system level (e.g., grid frequency) or their outcomes
in the form of imbalances have not been treated in most of these
works [17,29–31] focusing on deterministic solutions; yet, the knowl-
edge of uncertainty factors is pivotal in the optimization problems of
DERs [12].

To hedge against the uncertainty factors, risk-averse robust opti-
mization was applied in order to handle the uncertainty in thermal
demand [28], wholesale market price [32], and solar photovoltaic (PV)
production, market price, and load [33]. However, the frameworks
for scheduling flexible DERs by a VPP [32] and a smart-home ag-
gregator [33] proposed the centralized problem optimization with the
caveats discussed above in this paper. Alternatively, stochastic chance-
constrained optimization was applied in day-ahead participation of
residential BESSs coupled with heating demand in reserve markets with
uncertainties [13]. The chance constraints ensured with some certainty
that the level of consumer thermal comfort was not compromised
by the amount of activated reserves conditioned on the realized grid
frequency deviations. Although this holistic study is among the few
devoted to the optimization of DER participation in reserve markets
under uncertainties, it focused on the market aspects of this service but
neglected its technical effects, such as network congestion caused by
synchronized response [34]. In contrast, the network support through
peak shaving was given as an option in [28], but DER participation
in the FCR service was not considered in this framework among the
prosumer objectives despite fulfilling most of the previously discussed
socio-technical criteria.

1.2. Gaps, novelty, and contributions

Based on the above literature review and to the best of the authors’
knowledge, there is a fundamental gap in leveraging the value of
prosumer flexibility in the scenario of decentralized scheduling under
uncertainty, while fulfilling the heterogeneous prosumer goals related
to DER operation and meeting the technical constraints of the shared
grid. Neglecting the heterogeneous goals can discourage prosumers to
participate in demand-side flexibility programs and stimulate them to
go off-grid, thereby disrupting the utility business models [35] and
leading to the underutilized socio-economic [8,36] and environmen-
tal [14] benefits and loss of operational efficiency. Moreover, the
absence of coordination between individual social preferences and
technical system constraints can have disastrous consequences for the
reliability of supply [34]. Furthermore, the decentralized scheduling
of DERs in the future is subject to many uncertainty factors [12].
However, the effects of the uncertainty factors on the outcomes of
individual and collective scheduling remain underinvestigated.

This paper addresses the gaps listed above and advances the state of
the art by proposing a novel flexibility scheduling framework of a com-
munity microgrid that effectively models the trade-offs between pro-
sumers’ techno-socio-economic goals and coordinates net load sched-
ules across multiple households in a decentralized and cooperative
manner ensuring the reliability of the shared grid. In the proposed
framework, the prosumers can pursue economic (including provision of
the FCR service), environmental, and energy self-sufficiency objectives,
and modulate the operation schedule of DERs with respect to the
relative importance of these objectives that goes beyond static models
of human agency with purely financial motivations. The collective
goal of the prosumers is to reduce the aggregated peak demand by
selecting those schedules that uniformly distribute the total energy
demand of the community microgrid across the day. By using this
framework, this paper addresses socio-technical aspects such as the
prosumers’ willingness to cooperate for a common good, i.e., efficient
microgrid operation. The prosumer cooperation is defined in terms
of being ‘‘altruistic’’ by sacrificing self-interests and accepting a less
preferred DER schedule with regard to own motivations for its use.
This work builds upon and extends the socio-technical energy and
appliance scheduling studied so far in the context of consumer personal
discomfort and coordination fairness criteria [31,37,38]. Given the
fundamental role of forecast uncertainties combined with the physical
DER constraints, this paper also quantitatively studies the effect of these
uncertainties on the realization of local prosumer costs, imbalances in
the net load schedules of the households and the community, as well as
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risks of resource unavailability for the schedule execution and service
provision.

Thus, the key novelty and contributions of this paper are summa-
rized as follows:

(i) A method for operational flexibility modeling of a prosumer
household that captures the techno-socio-economic goals of pro-
sumers in the planned DER flexibility usage under forecasts of
uncertain factors.

(ii) A novel household-level scheduling framework that performs co-
operative and privacy-preserving coordination of the schedules
across multiple households, aiming to reduce total demand peaks.

(iii) A socio-technical impact and optimality analysis (using real-world
data1) of varying prosumer cooperation in the optimization pro-
cess of flexibility scheduling, including individual objectives, a
collective community goal, and coordination fairness.

(iv) Quantitative findings using real-world data that show the effect
of forecast uncertainty factors combined with the physical DER
constraints on the realization of local prosumer costs, schedule
imbalances, and risks of resource unavailability.

(v) Quantitative findings that demonstrate the techno-economic effi-
ciency of providing the FCR service by a population of residential
BESSs.

1.3. Paper organization

The paper is structured as follows. In Section 2, we introduce the
proposed decentralized cooperative flexibility scheduling framework
and the experiment scenarios. Section 3 provides the details on the
case study, experiment parameters, and implementation. The results are
presented in Section 4 and discussed in Section 5. Finally, conclusions
are outlined in Section 6.

2. Methods

This section formulates the methodology of cooperative flexibility
scheduling and provides scenarios of its quantitative evaluation. The
description of the methodology starts with Section 2.1 that illustrates
the system architecture; the core idea of the decentralized cooper-
ative flexibility scheduling framework is introduced in Section 2.2;
Section 2.3 explains the multiobjective optimization for local criteria,
whereas Section 2.4 presents the system-wide objective; and finally,
Section 2.5 describes the experiments used to assess the performance
of the proposed flexibility scheduling framework.

2.1. System architecture

We consider a residential community microgrid as a cyber–physical
system illustrated in Fig. 1. A physical layer of the microgrid consists
of a set of prosumer households ℎ ∈  equipped with a BESS,
an uncontrollable load, and a solar PV system. The microgrid has a
radial topology, and it is permanently connected to the upstream grid
through an MV/LV distribution transformer. The solar battery systems
are selected as prosumer flexible resources because (i) penetration of
grid-connected BESSs combined with solar PV systems is increasing
among prosumers; (ii) the unique characteristics of BESSs enable to
use them for a variety of self-consumption, peak shaving, and FCR
services, or optimal combination of those [39]; and (iii) unlike heat
pumps, different operating modes of solar battery systems cause no
direct personal discomfort for the prosumers [23], but only in the form
of emotional dissatisfaction.

1 To facilitate reproducibility and data reuse, the source codes and real-
world historical data used for experiments are made openly available at:
https://github.com/aleksei-mashlakov/flexibility-scheduling.

Fig. 1. Schematic diagram of a community microgrid as a cyber–physical system.

A cyber layer consists of a set of scheduling (software) agents
indexed by a ∈ , each representing a residential household with DERs
and operating on behalf of prosumers. The agents manage the electric
energy consumption, production, and storage of the household by
modeling and selecting DER operation schedules. The operation schedule
is a time series of the DER output or reserved capacity for a finite
time horizon with an equal time step resolution [40]. The realization
of DER operation schedule, along with the actual load and solar PV
production, constitutes the net load profile of the household, i.e., the
daily curve of power exchange with the microgrid. As individual net
load profiles contribute to the total demand of the microgrid, the agents
cooperate to reliably utilize the shared grid. In particular, the agents
exchange information and coordinate their decisions using peer-to-peer
informational transactions through communication channels.

2.2. Scheduling framework

An overview of the flexibility scheduling framework for an agent
a is presented in Fig. 2. This framework relies on a decentralized
network of the agents to perform coordinated decision-making. Each
agent selects a net load schedule2 that fulfills the prosumer goals in
the DER operating modes and ensures the reliable use of the shared
medium (i.e., the microgrid) by reducing the aggregated demand peaks.
The agents carry out cooperative flexibility scheduling in two phases:
(i) schedule generation to locally generate a number of possible net load
schedules, (ii) schedule coordination to cooperatively select the optimal
net load schedules to execute in such a way that the system-wide
objective is achieved.

2.2.1. Scheduling generation phase
To generate a net load schedule, the agent a aims to optimally

allocate the DER operation schedules by solving a multiobjective op-
timization (MOO) problem that fulfills heterogeneous prosumer objec-
tives to the extent of their relative importance. The prosumer goals
include the following criteria: (i) economic objective, considering the
financial expenses of the electricity time-of-use tariff (ToU) and battery
operation and remuneration from FCR service provision and the feed-in
tariff (FiT); (ii) social objective of reducing the prosumer’s own carbon
footprint; and (iii) technical objective in terms of energy self-sufficiency.

2 We further refer to net load schedule as a planned net load profile based on
the expected realization of DER operation schedules along with the forecasted
load and solar PV production.
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Fig. 2. Overview of the local decision making in flexibility scheduling framework.

These heterogeneous prosumer objectives are formulated as mixed-
integer linear programs (MILPs) by applying a normalized weighted
sum MOO method to model their importance for each prosumer [41].
The result of the local MOO for each agent consists of a household’s
net load power schedule 𝐩nl𝑖,a and the corresponding DER operation
schedules {𝐩b𝑖,a,𝐂

fcr
𝑖,a }, where 𝐂fcr

𝑖,a is the battery capacity reserved for
the FCR service, and 𝐩b𝑖,a is the scheduled battery power. The results
of such optimizations under different initial conditions constitute a set
of 𝐼 possible net load schedules a = {𝐩nl1,a,… ,𝐩nl𝐼,a} and a related

decision set of 𝐼 operation schedules a = {[𝐩b1,a,𝐂
fcr
1,a],… , [𝐩b𝐼,a,𝐂

fcr
𝐼,a]}.

The variables in the sets are vectors of size 𝑇 ∈ N+ with real values for
a daily time interval  . The agent’s, and hence, the prosumer’s prefer-
ences for a particular net load schedule 𝐩nl𝑖,a are measured by a local cost
function 𝐟𝐿a

(𝐩nl𝑖,a) ∶ R𝑡 → R. The schedule priority is determined in the
ascending order of the local costs 𝐟𝐿a

(𝐩nl1,a) ≤ 𝐟𝐿a
(𝐩nl2,a) ≤ ⋯ ≤ 𝐟𝐿a

(𝐩nl𝐼,a).
Intuitively, the lower the local cost of the schedule, the lower the
dissatisfaction it imposes on the prosumer.

2.2.2. Scheduling coordination phase
Given the agent’s degree of freedom to choose from a finite num-

ber of self-determined net load schedules, the agents coordinate their
decisions by each selecting a schedule that reduces the aggregated
demand peak. This coordination among households’ schedules is com-
putationally modeled as the minimization of a nonlinear cost function,
which is an NP-hard combinatorial optimization problem [42]. To
approximate the problem and find a near-optimal and computation-
ally feasible solution for coordinating the selection of household net
load schedules, the agents employ a fully decentralized and privacy-
preserving learning algorithm I-EPOS3 (Iterative Economic Planning
and Optimized Selections) [38].

Every scheduling agent virtually connects to a self-organized tree
topology to perform cooperative decision-making in bottom-up and top-
down incremental interactions as in the hierarchical structures of neural
networks. The agents collectively adapt their choices of the net load
schedules by minimizing monotonously a global cost 𝑓𝐺(.) ∶ R𝑡 → R,

3 For detailed information about I-EPOS, the readers are referred to [38]
and http://epos-net.org/.

Fig. 3. Example of a feasible flexibility set of a battery energy storage.

i.e., the variance of an aggregated net load demand 𝐩agg =
∑

a∈ 𝐩nla
during a time interval  . As a result of this system-wide optimization,
an optimal combination 𝐨⋆ ∈ (,a) of the agents’ net load schedules
with a related community net load 𝐩⋆agg is found. Finally, the decision
set ⋆

a of DER operation schedules that corresponds to the selected net
load schedules 𝐬a = 𝐨⋆a is submitted for execution by the agents.

The equilibrium between conflicting local 𝐟𝐿a
and global 𝑓𝐺 ob-

jectives is locally controlled by the cooperation parameter 𝜆, where the
larger the parameter 𝜆 is, the stronger are the agent’s local preferences
over the system-wide objective. The coordination criterion for the agent
a is generally defined as follows:

𝐬a =
𝐼

arg min
𝑖=1

(
(1 − 𝜆)𝑓𝐺(𝐩agg) + 𝜆𝐟𝐿a

(𝐩nl𝑖,a)
)
, (1)

s.t. 𝜆 ∈ [0, 1].

For 𝜆 = 0, the agent represents an altruistic individual with cooperative
behavior toward the system-wide efficiency (i.e., reducing demand
peaks), whereas 𝜆 = 1 represents a selfish (noncooperative) individual,
who prioritizes personal satisfaction.

2.3. Local optimization

The optimal allocation of DER operation schedules is generally mod-
eled as a constraint optimization problem that should comply with soft
constraints (i.e., prosumer goals) and hard constraints (i.e., operational)
that restrict a feasible set. In this scenario, the feasible flexibility set
contains all possible operation schedules that can be realized by the
DER over a given time horizon and will not violate the operational con-
straints of the resource, providing service, or operating environment.
In fact, the operational constraints of flexible resources are usually
assessed by a trinity of indices [43], including power ramp rate, power
capacity, and energy capacity. For example, the feasible set of operation
schedules for a BESS is illustrated in Fig. 3 with power and energy
operational constrains indicated by gray areas in both subplots; the
solid line in the lower subplot is an example of the operation schedule
that causes battery energy variations in the upper subplot.

When scheduling is planned in the future, some DER constraints
are affected by variables that are unknown beforehand; in that case,
the optimization relies on their expected behavior using forecasts. To
give an example of the constraint-affecting variable, the energy- and
power-constrained BESS providing the FCR service in Fig. 4 is exposed
to stochastic grid frequency variation, and hence, the constraints of the
BESS indicated by gray areas in both subplots are also stochastic. This
can be seen with the grid areas that cover the possible disturbance to
the available power and energy flexibility as a result of the forecast
error in the stochastic grid frequency variations.

In what follows, we thoroughly describe the methodology of solving
local MOO and constructing the feasible flexibility a and uncertainty
𝛯a sets.
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Fig. 4. Example of an uncertainty set of a battery energy storage.

2.3.1. Local objective function
The local cost function of the agent 𝐟𝐿a

is defined based on a set
of objective functions 𝑓 𝑗

a ∈ 𝛱a with their relative importance, and it
represents a multiobjective MILP-based optimization problem posed as:

min
{𝐩ba ,𝐂fcr

a }∈a

𝐟𝐿a
= [𝑓 1

a ,… , 𝑓𝐽
a ]

T, (2)

where 𝐽 is the number of objective functions.
To find a Pareto optimal solution of the MOO problem that respects

the agent’s preferences for various objectives, we linearly decompose it
into a single utility function using a weighted sum method [41]:

min
{𝐩ba ,𝐂fcr

a }∈a

𝐟𝐿a
=

𝐽∑
𝑗=1

𝑤𝑗
a

(
𝑓 𝑗
a − 𝑧𝑗,min

a

)
(3)

s.t.
𝐽∑
𝑗=1

𝑤𝑗
a = 1, 𝑤𝑗

a ≥ 0, ∀𝑗 ∈  (4)

where 𝑤𝑗
a is the weight coefficient and 𝑧𝑗,min

a = argmina
{𝑓 𝑗

a} is the
minimum (utopia point) of the objective space. The coefficient 𝑤𝑗

a is
calculated as a product of the relative importance 𝜐𝑗a of the objective
and the normalization factor 𝜃𝑗a:

𝑤𝑗
a = 𝜐𝑗a𝜃

𝑗
a. (5)

The relative importance is assigned using an a priori articulation pref-
erence method, where the importance is known in advance. The nor-
malization factor prevents the numerical dominance of any objective
function by restricting the function values in [0, 1] range:

𝜃𝑗a = 1∕(𝑧𝑗,max
a − 𝑧𝑗,min

a ), (6)

where 𝑧𝑗,max
a = argmaxa

{𝑓 𝑗
a} is the maximum function value (nadir

point). The 𝑧𝑗,min
a and 𝑧𝑗,max

a (also known as the Pareto minimum and
maximum) are found using a set of optimizations conducted with
respect to each objective function 𝑓 𝑗

a without normalization. Then,
𝑧𝑗,min
a and 𝑧𝑗,max

a are determined as the minimum and maximum cost
values of the function 𝑓 𝑗

a attained based on all simulated configurations.
The financial costs for the prosumer over the time interval  are

determined by the electricity bill with the ToU price 𝜋tou
𝑡 and the FiT

remuneration 𝜋f it , the battery operating expense 𝜋b, and the capacity
remuneration for the FCR service provision 𝜋fcr as follows:

𝑓 f
a =

∑
𝑡∈

𝜋tou
𝑡 max[𝑝nlℎ,𝑡, 0]𝛥𝑡 +

∑
𝑡∈

𝜋b
(
|𝑝ba,𝑡|𝛥𝑡 + 𝐶 fcr

a,𝑡 (|𝛥�̃�↑,fcr
𝑡 | + |𝛥�̃�↓,fcr

𝑡 |)
)
+

∑
𝑡∈

𝜋f it min[𝑝nlℎ,𝑡, 0]𝛥𝑡 −
∑
𝑡∈

𝜋fcr𝐶 fcr
a,𝑡 𝑃

b, (7)

where 𝑝nlℎ,𝑡 and 𝑝ba,𝑡 are the household net load and battery power
scheduled at time 𝑡; 𝛥�̃�↑,fcr

𝑡 , 𝛥�̃�↓,fcr
𝑡 are the estimated energy variation

due to FCR service; and 𝐶 fcr
a,𝑡 𝑃

b is the submitted reserve capacity.
Domestic ToUs are being gradually introduced by retailers to more

efficiently use the grid infrastructure by encouraging electricity con-
sumption at off-peak times. In fact, the rate of electricity price in ToUs
varies along the day and can be static (i.e., having fixed peak and off-
peak rates) or dynamic when depending on the wholesale electricity
price. Normally, the electricity prices are at their lowest during off-
peak demand times and highest during peak demand times. The FiT
scheme is designed to subsidize microgeneration of renewable energy
by mitigating investment risks. For this reason, this scheme assumes
long-term guaranteed tariff payments on generation and/or export of
renewable energy into the grid.

A prosumer’s BESS installed behind-the-meter can enter the liberal-
ized reserve markets and receive a relatively high remuneration [44]
for the provision of FCR service to the transmission system operator
(TSO). If the FCR bid is accepted in the market, the BESS contracted
for this service must adjust its reserved power capacity in proportion
to deviations of the grid frequency from the nominal value within a
predefined time limit during the entire contracted period. These power
adjustments continuously balance the demand and supply in the grid
enabling the TSO to maintain system stability.

In order to capture the operating cost of the modeled BESS occurring
mainly as a result of its degradation, a linearized battery degradation
cost co-efficient 𝜋b is applied [45]:

𝜋b = 𝜋cell∕(2𝑁 ⋅𝐷lim), (8)

where 𝜋cell is the battery cell price, and 2𝑁 is the number of charge
and discharge cycles that the battery could be operated within certain
depth of discharge (DoD) limits 𝐷lim. After all, the degradation costs
are assigned with regard to the amount of energy being charged and
discharged during the operating cycles.

The environmental concerns of prosumers represent social mo-
tives to reduce their greenhouse gas footprint by adopting responsible
energy consumption habits. These concerns are taken into account by
shifting the consumption away from hours where the carbon intensity
factor �̃�co2

𝑡 is forecasted to be high:

𝑓 e
a =

∑
𝑡∈

�̃�co2
𝑡 𝑝nlℎ,𝑡𝛥𝑡. (9)

The carbon intensity factor (gCO2/kWh) is calculated as a ratio of
CO2 emissions from gross electricity production. There is, however,
no explicit price for a carbon emission from the demand side and no
monetary value for avoiding carbon emissions, but prosumers can have
a pro-environmental identity putting environmental concerns above the
financial profit.

Self-sufficiency through an independence from energy supply com-
panies is usually a dominant motivation factor of prosumers for in-
stalling microgeneration sources [46]. This energy autarky behavior is
modeled by penalizing the power exchange with the microgrid:

𝑓 s
a =

∑
𝑡∈

|𝑝nlℎ,𝑡|𝛥𝑡. (10)

Self-sufficiency is estimated as the self-consumed on-site PV generation
in ratio to the total electricity consumption. Research suggests that
a solar battery system can enable prosumer self-sufficiency within a
range of 29%–71%, depending on the control strategy and a reasonable
generation-to-consumption ratio [47].
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Fig. 5. Schematic diagram of a household’s power flow at the connection to a
community microgrid.

2.3.2. Feasible flexibility set constraints
A household’s power flow is illustrated in Fig. 5 and shaped by the

operation of an AC-coupled BESS, a household load, and a solar PV
system.4 The battery charging is possible from the microgrid, on-site
solar PV production, and down-regulation frequency response in the
case of overfrequency. Similarly, the battery can discharge into the mi-
crogrid, covering the prosumer’s own load demand, or when providing
up-regulation frequency response in the case of underfrequency.

In this configuration, the local MOO is parametrized by the feasible
flexibility set a that modulates household’s possible net load dynamics
in the conditions of the BESS energy and power operational constraints,
limitations of the household’s grid connection, and requirements for
FCR service provision. The net load dynamics and the flexibility set
are affected by the uncertain variables, including the uncontrollable
net load �̃�uncℎ,𝑡 and the energy state changes of the BESS caused by
the FCR service provision 𝛥�̃�↑↓,fcr

𝑡 over the metering period 𝛥𝑡. These
uncertain variables are forecasted using historical measurements. Then,
the battery operation power schedule 𝑝ba,𝑡, along with the uncertain
variables, determines the net load 𝑝nlℎ,𝑡 of the household in a connection
point to the microgrid as formulated in Eqs. (11)–(12).

𝐩nl𝑖,a = [𝑝nlℎ,1,… , 𝑝nlℎ,𝑇 ] (11)

s.t. 𝑝nlℎ,𝑡 = �̃�uncℎ,𝑡 − 𝑝ba,𝑡 + 𝛥�̃�↑↓,fcr
a,𝑡 ∕𝛥𝑡 ∀𝑡 ∈  (12)

The power flow is directed to the household when the net load power
𝑝nlℎ,𝑡 is positive and reversed to the grid when negative. The predicted
energy state variation 𝛥�̃�↑↓,fcr

a,𝑡 of the BESS in Eq. (12) is estimated as
a mean of the forecasted up-regulation 𝛥�̃�↑,fcr

𝑡 and down-regulation
𝛥�̃�↓,fcr

𝑡 energy multiplied by the normalized contracted power capacity
𝐶 fcr
a,𝑡 :

𝛥�̃�↑↓,fcr
a,𝑡 = 𝐶 fcr

a,𝑡 (𝛥�̃�
↑,fcr
𝑡 + 𝛥�̃�↓,fcr

𝑡 ), ∀𝑡 ∈  (13)

𝐶 fcr
a,𝑡 ∈ [0, 1]. ∀𝑡 ∈  (14)

The maximum admissible net load power 𝑃 nl at the prosumer
connection point is imposed in Eq. (15) assuming that the households
have preinstalled electrical fuses.

𝑝nlℎ,𝑡 ≤ 𝑃 nl ∀𝑡 ∈  (15)

This constraint is introduced to prevent a possible power exchange
peak over the admissible value that can be, possibly, caused by a
simultaneous high load and BESS charging at the maximum power.

4 Note, however, that we utilize a single net load variable �̃�uncℎ,𝑡 for the
uncontrolled load and solar PV production in the equation constraints.

In Eq. (16), the BESS charging 𝑝cha,𝑡 and discharging 𝑝dca,𝑡 powers
constitute the battery power 𝑝ba,𝑡 used for the self-balancing service.

𝑝ba,𝑡 = 𝑝cha,𝑡 + 𝑝dca,𝑡 ∀𝑡 ∈  (16)

The positive values for the battery power 𝑝ba,𝑡 indicate that the battery is
discharging, and vice versa, the battery is charging when 𝑝ba,𝑡 negative.

Eqs. (17)–(19) model the BESS energy state dynamics with the
scheduled 𝛥𝐸b

a,𝑡 and uncertain �̃�↑↓,fcr
a,𝑡 energy changes:

𝑒ba,𝑡 = 𝑒b
a,𝑡−1 − 𝛥𝐸b

a,𝑡 + 𝛥�̃�↑↓,fcr
a,𝑡 , ∀𝑡 ∈  (17)

𝛥𝐸b
a,𝑡 = (𝑝cha,𝑡𝜂

ch + 𝑝dca,𝑡∕𝜂
dc)𝛥𝑡, ∀𝑡 ∈  (18)

𝑒b
a,1 = 𝑒ba,𝑇 − 𝛥𝐸b

a,𝑇 + 𝛥�̃�↑↓,fcr
a,𝑇 . ∀𝑡 ∈  (19)

The equality constraint in Eq. (19) guarantees that the BESS energy
stored at the end of the optimization period equals the level at the
beginning of the period. This condition enables to assess the simulation
results without a time-coupled dependence between the simulation
rounds. Note that the self-discharge losses of the BESS are neglected in
the energy dynamics of the BESS but can be incorporated by subtracting
them from Eqs. (17), (19).

The energy dynamics of the battery are also constrained by its
energy capacity limits 𝐸b, 𝐸

b
and requirements of the FCR service 𝐸fcr

a,𝑡 :

𝐸b + 𝐸fcr
a,𝑡 ≤ 𝑒ba,𝑡 ≤ 𝐸

b
− 𝐸fcr

a,𝑡 , ∀𝑡 ∈  (20)

𝐸fcr
a,𝑡 = 𝐶 fcr

a,𝑡 𝑃
b𝛥𝑠. ∀𝑡 ∈  (21)

Eqs. (20)–(21) guarantee the requirement of FCR assets to provide
100% of the contracted capacity continuously in both overfrequency
and underfrequency directions for a time period 𝛥𝑠.

In Eq. (22)–(24), 𝜁a,𝑡 prevents simultaneous charging and discharg-
ing and can either be equal to 0 or 1, resulting in charging and
discharging states, respectively.

(𝜁a,𝑡 − 1)(𝑃 b − 𝐶 fcr
a,𝑡 |𝑃 ↓,fcr

𝑡 |) ≤ 𝑝cha,𝑡 ≤ 0 ∀𝑡 ∈  (22)

0 ≤ 𝑝dca,𝑡 ≤ 𝜁a,𝑡(𝑃 b − 𝐶 fcr
a,𝑡 |𝑃 ↑,fcr

𝑡 |) ∀𝑡 ∈  (23)

𝜁a,𝑡 = {0, 1} ∀𝑡 ∈  (24)

The constraints (22)–(23) share the available BESS power capacity
between the prosumer self-balancing purposes and the FCR service
based on the amount of the normalized contracted power capacity 𝐶 fcr

a,𝑡
and prediction of maximum up- and down-regulation powers, 𝑃 ↑,fcr

𝑡 and
𝑃 ↓,fcr
𝑡 , respectively.5

2.3.3. Forecast uncertainty
The set of uncertain variables 𝛯a includes the values of the pro-

sumer net load �̃�uncℎ , the carbon intensity of electricity generation
mix �̃�𝜋𝜋co2 , and the parameters of the BESS frequency response; the
latter predictions consist of the maximum up- and down-regulation
power (�̃�↑,fcr , �̃�↓,fcr) and the absolute up- and down-regulation energy
(𝛥�̃�↑,fcr , 𝛥�̃�↓,fcr) for each settlement period according to the methodol-
ogy presented in [48]. The example of the agent uncertainty set 𝛯a

with predicted quantiles for the uncertain variables is illustrated in
Fig. 6. The forecasts for these variables are issued day-ahead, normally
from 12 to 36 h ahead, to predict the values of the next day. More
specifically, at time step 𝑡, one aims at predicting a random variable
𝐲 = [𝑦𝑡+1, 𝑦𝑡+2,… , 𝑦𝑡+𝐾 ] for future times 𝑡 + 1, 𝑡 + 2, … , 𝑡 +𝐾.

A combination of DCC-GARCH (Dynamic Conditional-Correlation
Generalized Autoregressive Conditional Heteroscedasticity) technique
[49], multivariate random sampling, and quantile function is applied
to produce the forecasts and represent their uncertainty for multiple
horizons. The DCC-GARCH technique is used to predict a conditional

5 Note that in practice to comply with the convex optimization rules, the
product of binary and continuous variables must be linearized.
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Fig. 6. Example of the uncertainty set 𝛯a of an agent with predicted quantiles (0.95, … , 0.05) of the uncertain variables (a)–(f) against actual measurement.

mean �̃�𝜇𝜇(𝑡+1)∶(𝑡+𝐾) of the multivariate random variable 𝐲 and a covariance
matrix �̃�(𝑡+1)∶(𝑡+𝐾) of point forecast errors. The time-varying covariance
matrix summarizes the complete interdependence structure between
the time steps in 𝐲. As a result, the DCC-GARCH model produces a
multivariate Gaussian distribution, �̃� ∼  (�̃�𝜇𝜇(𝑡+1)∶(𝑡+𝐾), �̃�(𝑡+1)∶(𝑡+𝐾)).
Then, a multivariate normal random number generator with the pre-
dicted mean �̃�𝜇𝜇(𝑡+1)∶(𝑡+𝐾) and covariance matrix �̃�(𝑡+1)∶(𝑡+𝐾) is used to
draw 𝑅 sample scenarios of the multivariate random variable �̃� where
the vector 𝑌 (𝑟)

(𝑡+1)∶(𝑡+𝐾) of sample matrix 𝑌 is the 𝑟th ∈  scenario. Next,
sample average approximation [50] is employed to derive the mean
and standard deviation of the stochastic variable 𝑌 (1∶𝑅)

𝑡+𝑘 , i.e., by taking
each look-ahead time 𝑡+𝑘 individually and independently. Finally, the
quantile 𝜉𝜏𝑡+𝑘 with the level 𝜏 ∈ [0, 1] of the random variable 𝑌 (1∶𝑅)

𝑡+𝑘 for
time 𝑡+𝑘 is then defined using the inverse of the cumulative distribution
function (also known as a probit function) 𝐹−1

𝑌 (1∶𝑅)
𝑡+𝑘

(𝜏) such that:

P(𝜉𝜏𝑡+𝑘 < 𝑦𝑡+𝑘) = 𝜏, or 𝜉𝜏𝑡+𝑘 = 𝐹−1
𝑌 (1∶𝑅)
𝑡+𝑘

(𝜏), ∀𝑘 ∈  (25)

For the forecasted 𝜏-quantile, the actual value 𝑦 is expected to be
lower than the quantile value 𝜉𝜏 in 100 ⋅ 𝜏 % of the cases. Finally, the
uncertainty set 𝛯a for an agent is constructed as a set of 𝐼 quantiles
with decreasing quantile levels:

𝛯a = {[𝜉𝜉𝜉𝜏1 ,… , 𝜉𝜉𝜉𝜏𝐼 ]1,… , [𝜉𝜉𝜉𝜏1 ,… , 𝜉𝜉𝜉𝜏𝐼 ]𝑈 }, (26)

where 𝑈 is a number of uncertain variables from the set. In Fig. 6, the
highest predicted quantile (𝜏 = 0.95) assumes that the uncertain vari-
able will reach the largest positive deviation from the central quantile
(𝜏 = 0.5), whereas the lowest quantile (𝜏 = 0.05) attains the largest
negative deviation. For example, the largest positive deviation for the
net load forecast in Fig. 6f indicates that the expected solar production
will be at its minimum, while the load is the highest considering the
recent historical data. The same logic is valid for the other uncertain
variables in the set.

An ARMA (1, 0) - GARCH (1, 1) is used as the univariate estimator
for the conditional mean and variance in the DCC model. DCC-GARCH
(1,1) rolling forecast is used to predict the time-varying covariance
matrix of uncertain variables with model re-estimation every 14 daily

periods and a moving window of 100 past measurements. The number
of random samples 𝑅 is equal to 100. Predictive distributions are given
by 𝐼 = 19 quantiles, whose nominal level 𝜏 range from 0.95 to 0.05
by 0.05 decrements. The uncertainty set is formulated based on the
assumption that forecast errors for all uncertain inputs are represented
by normal distribution functions. The accuracy of the presented method
in the quantile forecast is presented in Appendix A.

These uncertainty predictions at different quantile levels 𝜏 are fur-
ther used in the above-mentioned MOO to generate a set of net load
schedules a that model the operation flexibility of the household. An
example of the operation flexibility modeling obtained based on the
described method of the local MOO along with the forecast uncer-
tainty estimation 𝛯a and the constraints of feasible flexibility set a

is illustrated in Fig. 7. The figure shows how the net load schedules
and the BESS operation schedules (i.e., BESS power and submitted FCR
power capacity) change from applying the most conservative predictions
with the highest quantile (𝜏 = 0.95) to the most risky ones with the
lowest quantile (𝜏 = 0.05). For instance, the net load schedule modeled
with the risky predictions is mostly negative during the daylight hours
except for the midday dip, when the battery stores the solar production
and thus decreases the amount of power capacity offered for the FCR
service. The generated set of net load schedules in Fig. 7a is further
used for coordination in the system-wide optimization.

2.4. System-wide optimization

In the following, we formulate the global objective function of the
collective learning.

2.4.1. Global objective function
The net load schedules of all households in the community form the

aggregated net demand 𝐩agg = ∑
a∈ 𝐩nla . A global cost function 𝑓𝐺 aims

to minimize a variance of this demand during the daily optimization
period as follows:

min 𝑓𝐺 =
∑
𝑡∈

(
𝑝agg𝑡 − 𝑝agg

)2
, (27)
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Fig. 7. Example of operational flexibility modeling as a function of quantile level (0.95, … , 0.05); (a) net load power schedules 𝐩nl𝑖,a ∈ a; (b) battery storage power schedules
𝐩b𝑖,a ∈ a; and (c) capacity for frequency containment reserve 𝐂fcr

𝑖,a ∈ a.

where 𝑝agg𝑡 is the net demand at the time 𝑡 and 𝑝agg is the average
net demand for the time interval  . The minimization is achieved by
selecting those households’ net load schedules that flatten the planned
net load at the community level the most. In this case, the agents
are considered risk-neutral, i.e., having no preferences toward the level
of forecast uncertainty used in the selected net load schedules. The
system-wide cost function implicitly considers trade-offs between cus-
tomer preferences and the interests of distribution system operator
(DSO) in peak reduction on the electric delivery equipment (e.g., dis-
tribution transformers) to avoid or delay local grid investments to meet
the peak demand [51]. Alternatively, the DSOs could explicitly benefit
from the community’s flexibility by sending an incentive signal to re-
profile a net load schedule and prevent a network congestion [52]. In
this scenario, other global cost functions are possible in the I-EPOS,
such as the root mean square error [37].

2.5. Evaluation experiments

The evaluation experiments and their methodology are described in
the following.

2.5.1. Impact and optimality of the cooperation level
The experiments study the impact of a varying prosumer coop-

eration level 𝜆 on the optimization process of flexibility scheduling,
including (i) individual local costs, (ii) collective global costs, and (iii)
coordination fairness. For the experiment purposes, the cooperation
level 𝜆 is set as a system-wide parameter, meaning that all the agents
have the same value of 𝜆. The local 𝐟𝐿a

and global 𝑓𝐺 costs are
calculated using the normalized values obtained with the corresponding
objective functions in Eqs. (3) and (27). A social measure of unfairness
in the agent coordination 𝛬 is computed by the standard deviation 𝜎
of the local cost 𝐟𝐿a

normalized with their mean 𝜇 values for all the
selected schedules 𝐬a:

𝛬 = 𝜎{𝐟𝐿a
(𝐬a)}∕𝜇{𝐟𝐿a

(𝐬a)}. (28)

Unfairness is defined by the dispersion of dissatisfaction that prosumers
experience (or perceive) with regard to the selection of the planned net
load schedule to improve system efficiency. Note that, in contrast to
the local and global objectives, the fairness criterion is not explicitly
used in Eq. (1) as an optimization variable; yet, this option is available
in I-EPOS configuration, we measure the unfairness post-hoc; i.e., after
the schedules are selected by all agents.

Furthermore, (iv) the optimality of the cooperation level 𝜆 for the
conflicting local and global objectives is studied as a set of trade-off
solutions, known as a Pareto-optimal front:

min
𝜆∈[0,1]

𝐟𝑑 = [1
𝑎
∑

𝐟𝐿a ,𝑑 , 𝑓𝐺,𝑑 ]T, ∀𝑑 ∈  (29)

where 𝑑 is the simulation day and 𝑎 is the number of agents. The choice
of a single optimal solution is not straightforward, and in the cases of

unavailability of prosumer-specific preferences toward a global wealth,
a knee point or knee region of the Pareto front are naturally preferred.
The knee points constitute a subset of Pareto optimal solutions, for
which a gain in one objective will result in a severe sacrifice in at least
another one, whereas a knee region constitutes a set of knee points.
Here, a Kneedle approach [53] is applied to calculate the knee region
using the mathematical concept of maximum curvature for all the
simulation days . Then, the optimal knee point is found as an average
of the values in the knee region. The optimal cooperation level 𝜆 is then
calculated as the one that gives the smallest mean square error between
the optimal knee point and the global costs of all simulation days. By
applying the methodology above, this experiment studies the necessary
level of cooperation by prosumers to meet their local preferences and
still achieve an effective peak demand reduction.

The technical aspects of the flexibility scheduling framework are
studied to evaluate (v) the system-wide effect of the selected schedules
on the planned net load schedule of the community using a net load
factor (NLF) metric. This indicator is equal to the ratio of the average
�̂�agg𝑡∈ and the maximum daily power 𝐩agg𝑡∈ consumed from and injected
into the main grid:

 agg
𝑑 = |�̂�agg𝑡∈ |∕|𝐩agg𝑡∈ |. (30)

Similarly, the NLF can be calculated for a planned net load schedule of
a single household:

 nl
ℎ,𝑑 = |�̂�nl

a,𝑡∈ |∕|𝐩nla,𝑡∈ |. (31)

The higher the NLF, the smoother the net load profile throughout a day,
and hence, the lower the peak net load demand.

2.5.2. Assessment of schedule imbalances and forecast errors
The operation schedules in the local MOO are calculated based on

the forecasted variables with different quantile levels that represent
the forecast uncertainty. The uncertainty assumes a varying level of
possible deviation of forecasted values from their actual realization. As
a consequence, this divergence affects the operation constraints (see
Fig. 4) and causes an imbalance between the planned and realized
schedules. In this study, the potential costs of imbalances were not
included explicitly in the formulation of the local MOO in Section 2.3.1;
yet, it is important to assess the level and effect of such imbalances
to take into account the imbalance risks in further studies. Therefore,
we evaluate the effect of various forecast uncertainty levels on the
realization of (i) local costs, (ii) net load imbalances at the household
and community levels, (iii) forecast error of the predicted frequency
regulation signal, and (iv) risks of BESS unavailability for the execution
of the planned schedule and provision of the FCR service.

In order to investigate possible imbalances of the selected net load
schedules (𝑝nl⋆ℎ,𝑠 , 𝑝agg⋆𝑠 ) with their realization (𝑝nlℎ,𝑠, 𝑝

agg
𝑠 ) at time 𝑠 ∈ 𝑆,

we use household NL
ℎ,𝑠 and community NL

𝑠 schedule imbalance indices:

NL
ℎ,𝑠 = (𝑝nl⋆a,𝑠 − 𝑝nla,𝑠), (32)
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NL
𝑠 = (𝑝agg⋆𝑠 − 𝑝agg𝑠 ). (33)

Then, the daily absolute net load imbalances per household are defined
as follows:

NL
ℎ,𝑑 =

∑
𝑡∈

| 1
𝑆

∑
𝑠∈

NL
ℎ,𝑠 |. (34)

Similar to the schedules, the imbalances for the NLF are calculated as
follows:

NLF
ℎ,𝑑 = ( nl⋆

ℎ,𝑑 − nl
ℎ,𝑑 ) (35)

NLF
𝑑 = ( agg⋆

𝑑 − agg
𝑑 ). (36)

The lower imbalances in the net load and NLF are preferred to minimize
their effect on the agent costs and realization of the prosumer goals.

The scheduled BESS power capacity is shared among the self-
balancing and FCR service with the predicted maximum up- and
down-regulation power deviations, 𝑃 ↑,fcr

𝑡 and 𝑃 ↓,fcr
𝑡 in Eqs. (22)–(23).

The error in the prediction of these maximum power deviations can
potentially violate the provision of the FCR service. Therefore, we study
the forecast error of the maximum up- and down-regulation signals as
follows:

fcr,↑↓
a,𝑠 =

⎧⎪⎨⎪⎩

𝑟b⋆a,𝑠−max[𝑟b⋆a,𝑠 ,𝐶
fcr
a,𝑡𝑃

↓,fcr
𝑡 ]

𝐶fcr
a,𝑡𝑃

b , if 𝑟b⋆a,𝑠 < 0

𝑟b⋆a,𝑠−min[𝑟b⋆a,𝑠 ,𝐶
fcr
a,𝑡𝑃

↑,fcr
𝑡 ]

𝐶fcr
a,𝑡𝑃

b , if 𝑟b⋆a,𝑠 ≥ 0
, (37)

where 𝑟b⋆a,𝑠 is the required grid frequency response at time 𝑠. The
absolute daily sum of these forecast errors is then calculated as follows:

fcr,↑↓
a,𝑑 =

∑
𝑡∈

| 1
𝑆

∑
𝑠∈

fcr,↑↓
a,𝑠 |. (38)

The knowledge of the appropriate uncertainty level can enable the FCR
service provision ensuring that the reserve capacity remains available
during the contracted period.

Furthermore, the execution of the BESS operation schedule is also
intervened by the stochasticity of the FCR service. For instance, over
some time periods of the FCR service provision under stochastic grid
frequency, the BESS energy charge can reach the upper or lower thresh-
old making it temporally unavailable to react to the grid frequency
signal or follow the planned operation schedule (Fig. 4). Therefore, we
evaluate the BESS unavailability for any service provision as follows:

 b
a,𝑠 =

{
𝑝b⋆a,𝑠 + 𝑟b⋆a,𝑠 − 𝑝cha,𝑠, if 𝑟b⋆a,𝑠 + 𝑝b⋆a,𝑠 < 0
𝑝b⋆a,𝑠 + 𝑟b⋆a,𝑠 − 𝑝dca,𝑠, if 𝑟b⋆a,𝑠 + 𝑝b⋆a,𝑠 ≥ 0, (39)

where 𝑝b⋆a,𝑠 + 𝑟b⋆a,𝑠 is the required BESS power at time 𝑠, and 𝑝cha,𝑠 and 𝑝dca,𝑠
are possible charging and discharging BESS powers compliant with the
power and energy constraints of the current time step 1∕𝛥𝑡 (in seconds):

𝑝cha,𝑠 = max[𝑟b⋆a,𝑠 + 𝑝b⋆a,𝑠,−𝑃
b, (𝑒b

a,𝑠−1 − 𝐸
b
)∕(𝜂ch∕𝛥𝑡)], (40)

𝑝dca,𝑠 = min[𝑟b⋆a,𝑠 + 𝑝b⋆a,𝑠, 𝑃
b, 𝜂dc(𝑒b

a,𝑠−1 − 𝐸b)∕(1∕𝛥𝑡)]. (41)

The absolute daily sum of the BESS unavailability is then calculated as
follows:

 b
a,𝑑 =

∑
𝑡∈

| 1
𝑆

∑
𝑠∈

 b
a,𝑠|. (42)

If the BESS asset is being unavailable to provide the FCR service, it
violates the balancing mechanism and can face penalties charged by the
TSO. In the same way, the unavailability of the BESS for self-balancing
leads to prosumer dissatisfaction.

2.5.3. Efficiency of frequency reserve provision
This experiment studies the techno-economic aspects of providing

FCR with a population of residential BESSs. The technical and economic
metrics, namely service performance measure (SPM) and availability
factor (AF), are used for the evaluation. Technical SPM enables to

Table 1
Availability factor (AF) as a function of service performance measure (SPM) [54].

SPM AF

SPM < 50% 0%
50% ≤ SPM < 75% 50%
75% ≤ SPM < 95% 75%
SPM ≥ 95% 100%

estimate the reliability of residential BESSs contracted for the FCR
service to react to the grid frequency deviation signals under its stochas-
tic variations and BESSs’ operational constraints. This index a,𝑡 is
calculated as an average of the second-by-second SPM a,𝑠 over the
settlement period 𝛥𝑡 (in seconds) [54]:

a,𝑡 = 1∕𝛥𝑡
∑
𝑠∈𝑆

𝑠, (43)

a,𝑠 =
⎧⎪⎨⎪⎩

1, Rle
𝑠 − 𝜀 ≤ �̇�a,𝑠 ≤ Rue

𝑠 + 𝜀
max[1 − |�̇�a,𝑠 − Rue

𝑠 |, 0], �̇�a,𝑠 > Rue
𝑠 + 𝜀

max[1 − |�̇�a,𝑠 − Rle
𝑠 |, 0], �̇�a,𝑠 < Rle

𝑠 − 𝜀
, (44)

where 𝑆 is a second-based interval in the settlement period, Rle
𝑠 and

Rue
𝑠 are the lower and upper envelope limits of the required regula-

tion power6; 𝜀 is the accuracy threshold, being 0.01; and �̇�a,𝑠 is the
normalized response provided by the FCR assets, calculated as:

�̇�a,𝑠 = 𝑟ba,𝑠∕(𝐶
fcr
a,𝑡 𝑃

b), (45)

where 𝑟ba,𝑠 (kW) is the actual response at the second 𝑠 before normal-
ization, and 𝐶 fcr

a,𝑡 𝑃
b (kW) is the contracted FCR capacity for the time

period 𝛥𝑡. For instance, when the actual response is within the delivery
envelope, a,𝑠 takes the best value equal to 1. If the actual response
remains outside the envelope, the a,𝑠 is reduced according to the
magnitude of deviation from the upper or lower limits.

The AF is calculated based on the SPM to decide the proportion
of remuneration that the FCR provider can obtain for each settlement
period, as detailed in Table 1.

3. Case study

In this section, the experimental settings, input data, and implemen-
tation details are described for a case study of a residential community
microgrid virtually located in the United Kingdom (UK).

3.1. Experimental settings

The simulation experiment for the assessment of the flexibility
scheduling framework consists of the related day-ahead and intraday
stages. The former stage includes the flexibility scheduling described in
Section 2.2, whereas the latter is a real-time simulation of the selected
schedules described in Appendix B by Algorithm 1. The experiments are
carried out in a time-decoupled fashion, meaning that the BESS state at
the end of day 𝑑 is not used for the next day. Instead, the energy charge
of the BESS is set at the 50% level of the available capacity at the start
of each day. The simulation experiment is performed for 𝐴 = 150 agents
during a finite time horizon of 𝐷 = 150 days with a rolling window
approach, where each window is indexed by 𝑑 ∈ . Moreover, 100
days prior to the first simulation day are used to fit the forecasting
models, whereas the rest of the predictions are issued using a rolling
window approach. The intraday simulation is implemented with high
resolution data 𝑠 = 1 s, whereas for the forecasting and scheduling, the
datasets are sampled to half-hour periods 𝛥𝑡 = 30 min according to the
UK electricity tariffs, which, in total, gives 48 time intervals 𝑡 for each
billing day 𝑑.

6 The envelope parameters depend on the corresponding FCR droop
curve [54].
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Table 2
Relative importance of prosumer motivations.

Motivation Finance Environment Self-sufficiency

Importance 0.273 0.226 0.501

Table 3
Parameters of the battery energy storage system.

𝑃 b 𝐸
b

𝜋cell 𝑁 𝜂ch , 𝜂dc 𝐷lim 𝐸b 𝜋b

(kW) (kWh) (£/kWh) (1 ⋅ 103) (%) (%) (kWh) (£/kWh)

3.3 7.5 1174 10 93 90 0.75 0.0652

3.2. Input data

In the following, we describe the input data used for the experiment
simulation.

3.2.1. Prosumer preferences
The prosumer preferences are chosen based on a best-worst scaling

survey estimation of the motivation factors regarding the adoption of
microgeneration technologies in the UK [20]. The results of the relative
importance are illustrated in Table 2.

3.2.2. Net load profiles
For the households’ net load data, we use a real-life dataset collected

during a smart grid pilot project with the time period from December
2012 to October 2013 [55]. The dataset consists of net load (solar PV
generation and electricity demand) measurements at 1 min resolution
for the households located in the northeast of Great Britain (GB).
We assume that the power exchange with the grid is limited for the
households by an 80 A electrical fuse, which corresponds to 𝑃 nl = 18.4
kW.

3.2.3. Battery energy storage
The battery energy storage is modeled based on the specification of

a fully integrated AC-coupled BESS Sonnen Eco 9.43/7.5 [56], whose
parameters are presented in Table 3.

3.2.4. Electricity and feed-in tariffs
For the electricity tariff, we adopt the ToU scheme with daily and

night rates (Economy 7 Tariff) for the unit price of electricity. In
Eq. (7), the off-peak electricity price corresponds to the electricity unit
price during the night (from 00:30 to 07:30 in the northeast region)
𝜋tou
𝑡∈off−peak = 0.1020 £/kWh and the peak price for consumption during

the daily hours 𝜋tou
𝑡∈peak = 0.1662 £/kWh. The feed-in tariff scheme is set

according to the Smart Export Guarantee mechanism in the UK, which
only remunerates the export of the excess electricity to the grid, and
the remuneration level is set by the electricity retailer tariffs. Here, we
assume a FiT payment equal to 𝜋f it = 0.055 £/kWh.

3.2.5. Carbon intensity index
In order to model the preferences of prosumers for sustainable

consumption and reduction of CO2, the GB half-hourly historical carbon
intensity factor (gCO2∕kWh) [57] for the year 2019 is used. The half-
hourly values of the carbon intensity factor are presented in Fig. 8 and
demonstrate a wave-based distribution along the day with morning and
evening peaks.

Here, the average carbon intensity per country is assumed, where the
changes in the prosumer consumption pattern cause no influence on the
total intensity. Alternatively, estimating the marginal carbon intensity,
which is due to added demand, can be implemented [58].

Fig. 8. Historical carbon intensity factor in Great Britain for the year 2019 used in
the experiment.

3.2.6. Frequency reserve service
For the simulation of the FCR service, we apply the rules of en-

hanced frequency response (EFR) with ±0.05 Hz dead band (Service
1) that was predominantly designed for the BESSs in GB [59]. Detailed
information about the EFR service is available in [54,59]. In addition,
the following assumptions about the provision of the EFR service by
the residential BESSs are adopted: (1) all BESSs have passed a pre-
qualification procedure for the provision of the service; (2) the bid
requirement for the minimum capacity (10 MW) is met assuming that
the BESSs are part of a larger fleet aggregated in a VPP; (3) the capacity
bid per household varies daily based on the results of the selected
operation schedules; (4) the capacity remuneration price is fixed to a
mean value of the first EFR tender winning bids 𝜋fcr = 0.0978 £/kW/h;
(5) the battery storage assets must be able to deliver 100% of the
contracted capacity for a minimum of 𝛥𝑠 = 15 min; (6) the frequency
measurements are taken from the year 2019 [60].

3.3. Implementation details

The multiobjective MILP-based optimization was performed using
the Gurobi solver [61] and the CVXR package [62] in the R pro-
gramming language. The GARCH-DCC functions were used from the
‘‘rmgarch’’ package [49] in R. The collective learning experiments with
the I-EPOS7 are run using 30 learning iterations, and each experiment
is repeated 50 times with a random assignment of the agents over a
balanced binary tree topology. The simulations were carried out using
a virtual environment with an Intel Xeon (Skylake, IBRS) 2.2 GHz
processor with 32 GiB memory.

4. Results

This section illustrates the results based on the experiment scenarios
in Section 2.5 and the case study in Section 3.

4.1. Impact and optimality of the cooperation level

The cooperation parameter 𝜆 represents the agents’ perspective in
the trade-off of individual (local) vs. collective (global) criteria based
on which the schedule coordination is performed. The results of the sen-
sitivity analysis of the agent cooperation 𝜆 on the system performance
are presented in Fig. 9. The results can be interpreted as follows: when
individuals express noncooperative behavior and prioritize their goals
(high 𝜆 values), collective efficiency is sacrificed in terms of global cost,
but improved in terms of unfairness. However, the results suggest that

7 Available at https://github.com/epournaras/EPOS (last accessed: January
2021).
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Fig. 9. Impact of the agents’ cooperation level 𝜆 ∈ [0, 1] on (a) global costs, (b) local costs, and (c) coordination unfairness.

Fig. 10. Pareto solution for local and global costs with the corresponding cooperation level 𝜆.

these parameters are especially sensitive to 𝜆 in the very last 1% of its
values, where a trade-off solution between the criteria can be found.

Fig. 10a illustrates the normalized local and global costs with a
Pareto-efficient solution obtained at the average knee point. This point
is found at 0.209 pu of the average global costs, whereas the closest
(i.e., by the lowest mean square error in Fig. 10b) cooperation level 𝜆
corresponding to these costs during the simulation days belongs to 𝜆 =
0.9998.

In that case, the results in Figs. 9a and 9b demonstrate that com-
pared with noncooperative scheduling, the Pareto-efficient solution
achieves an average reduction in the global costs by 83.3%, whereas
the local costs are increased by 28.3%. Therefore, there is a good trade-
off for individuals: a very high reduction in global cost, while the local
cost remains low.

The results of the planned net load schedules at the community level
for uncoordinated and cooperative scheduling between the agents are
presented in Fig. 11. The uncoordinated scheduling is modeled for the
case of selfish agents (i.e., not participating in the cooperative schedul-
ing), whereas the cooperative scheduling is modeled for the case of the
Pareto-optimal participation level with 𝜆 = 0.9998. The results suggest
that the Pareto-optimal cooperative scheduling achieves more flattened
net load distribution with the reduced net load peaks (e.g., in the best
case by a factor of three) compared with the uncoordinated scheduling.
The reason for the high peaks in the uncoordinated scheduling can be
due to the coincidence of the scheduled charging (i.e., positive night
peak), discharging (i.e., negative evening peak) and domestic net load
(i.e., solar production and demand) in the conditions of the system-
wide settings for prosumers’ relative importance and comparable sizes
of households, BESSs, and solar PV systems.

The distributions of the NLF values for the uncoordinated and
cooperative scheduling are illustrated in Fig. 12. The distribution of
the cooperative scheduling is centered higher than that of the uncoor-
dinated scheduling, which indicates more flattened net load schedules,

which along with the lower net load demand peaks in Fig. 11 lead to
less stress for the grid equipment.

4.2. Imbalance assessment

The net load schedules are modeled with the uncertain variables
having a varying forecast uncertainty in the form of quantiles that
have positive and negative deviations from the expected mean (i.e., 0.5
quantile) and thus affect the local costs of the schedules. The nor-
malized values of local costs for all the agents during the experiment
are illustrated in Fig. 13. The results show that (i) the distribution of
the local costs under varying forecast uncertainty is asymmetric and
skewed right from the mean with a center in the 0.35 quantile; (ii) the
lowest values of the local costs mostly correspond to the areas of high
and low deviation from the center, i.e., they belong to the conservative
(i.e., high quantiles) or risky (i.e., low quantiles) schedules. Therefore,
the net load schedules at these quantiles are prioritized by the agent
choice during the schedule coordination.

The forecast uncertainty in the net load and FCR regulation power
cause the imbalances between the planned and realized net load sched-
ules. The results of the mean half-hourly net load imbalances during
the simulation days are presented in Fig. 14. The results demonstrate
that most of the net load deviations correspond to the daylight hours,
where the uncertainty of both the solar PV production and the house-
hold’s demand are usually high. In these hours, the maximum expected
deviations are close to the level of ±1.25 kW per household in Fig.
14b. At the community level in Fig. 14a, the imbalances can achieve
values close to ±180 kW, yet such cases are rare. In contrast to the
daylight hours, the night hours have much lower levels of imbalances,
and hence, they can be used to hedge the scheduling in future works.
As one might expect, the net load uncertainty plays a major role
in the amplitude of the these imbalances, whereas the FCR response
uncertainty is minor because the FCR service is provided during the
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Fig. 11. Impact of (a) uncoordinated and (b) cooperative scheduling on the peak net load of the community microgrid.

Fig. 12. Net load factors of the community’s planned net load in the cases of
uncoordinated and cooperative scheduling.

Fig. 13. Effect of forecast uncertainty level (as a function of quantiles) on the agents’
local costs.

night and daylight hours, but the amplitude of night imbalances is
much lower in Fig. 14b.

Fig. 15 provides details about the NLF imbalances at the household
and community levels. The results indicate that the imbalances of
household NLFs vary significantly, but the most values reside within
±0.2 pu deviation from zero imbalance. In addition, the imbalance
median has a positive bias, meaning that on average the realized NLFs
are worse than the planned ones. Furthermore, Fig. 15 shows that
the distribution of the community NLF imbalances is concentrated
on a narrower region than the household imbalances, which can be
explained by the mutual compensation of the latter imbalances.

The uncertainty of FCR power regulation also causes the imbalances
in the planned BESS operation schedule. The results related to the
performance of the residential BESSs are provided in Fig. 16, where the
BESS energy charge and mean half-hourly battery unavailability are il-
lustrated together with the average forecast error in the maximum FCR
regulation power. Fig. 16a shows that the BESS operation schedules
repeat a similar pattern that consists of the night charging, morning

discharging to cover the peaks, which follows the daily charging, and
finally, the evening discharging. The results also demonstrate that the
level of the BESS charge at the end of the day varies from the required
(i.e., 4.125 kWh according to Eq. (19) and Table 3) with the maximum
deviation of almost 2 kWh (30% of the available energy capacity). Fig.
16b indicates that the level of the BESS unavailability is negligible
with rare cases occurring close to 08:00, 16:00, and 20:00 h. The
nature of up-regulation unavailability (i.e., positive imbalances in Fig.
16b) can be attributed to the scheduling conflicts between the self-
balancing power and the required FCR response, whereas the reason
for the down-regulation unavailability (i.e., negative imbalances in
Fig. 16b) is probably a consequence of the full BESS energy charge
that prevents further BESS charging. The results of the error of the
forecasted maximum up- and down-regulation power in Fig. 16c reveal
that the average forecast errors are uniformly distributed along the
day and lie within ±5% of the contracted battery capacity, which is
a relatively low error value.

A dependence between the quantile level of uncertain variables in
the selected schedules and the corresponding absolute daily sum of
imbalances is presented in Fig. 17. The results in Fig. 17a suggest
that the absolute sum of net load imbalances has a concave upward
curvature along the quantile levels in contrast to the local costs having
a reversed shape in Fig. 13. In that case, the schedules with the
lowest costs mostly correspond to the highest net load imbalances, and
vice versa. Taking into account the amplitude of the imbalances, the
area of the quantiles levels for net load should be further restricted
around the lowest net load imbalances in Fig. 17a. Furthermore, Fig.
17b shows that the level of BESS unavailability in terms of absolute
sum of power imbalances remains below 1.8 kW. In addition, the
BESS power imbalances occur relatively rarely, and most of them
are concentrated equally along the quantiles with a slightly higher
density at the lowest quantiles. Fig. 17c shows that the absolute sum
of forecast error in the maximum up- and down-regulation power has
an exponential dependence on the quantile level and varies from 0 to
1.7 pu with respect to the contracted capacity. The results illustrate
that selecting the highest quantile level guarantees almost zero error,
but can be overconservative. Values above 0.65 quantile provide only
a 10% error of maximum deviation in the majority of the cases and
can be regarded as reasonable for further consideration. Therefore, the
imbalances of the net load schedule, BESS power unavailability, and the
forecast error of the maximum FCR regulation power have a minimum
at different quantile levels; this result suggests that the consideration of
individual quantile levels for the uncertain variables seems to decrease
the expected imbalances.

4.3. Efficiency of frequency regulation

Under the BESS power unavailability and errors in the forecasted
BESS regulation power, the battery may be unable to respond to the
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Fig. 14. Average (a) community and (b) household imbalances in the planned net load schedule.

Fig. 15. Average community and household imbalances in the planned net load factor.

Fig. 16. Temporal dependence of the battery energy storage parameters during the simulation periods; (a) energy capacity, (b) battery storage unavailability, and (c) forecast
error of the maximum up- and down-regulation power of the frequency reserve service.

Fig. 17. Effect of the forecast uncertainty level (as a function of quantiles) on the absolute sum of daily (a) net load imbalance, (b) battery storage unavailability, and (c) forecast
error of the maximum up- and down-regulation power of the frequency reserve.



Applied Energy 290 (2021) 116706

15

A. Mashlakov et al.

Fig. 18. Technical service performance measure (SPM) and economic availability factor
(AF) indicators of the provided frequency reserve service.

grid frequency deviation, and hence, put the power system stability at
risk. The techno-economic performance of BESSs for the FCR service
under forecast uncertainties is provided in Fig. 18. The results indicate
that (i) the worst SPM deviates by no more than 1.5% from the optimal,
which corresponds to the high quality of the service provision; (ii) the
technical service performance also leads to a maximum AF (100%)
along all the simulation periods, which guarantees the maximum pro-
sumer remuneration for the reserved capacity of the BESS. Therefore, a
population of residential BESSs can provide reliable FCR service under
the assumptions of the flexible participation scheme (see Section 3.2.6).

5. Discussion

Below, we summarize the main research findings, discuss the input
data assumptions, outline future perspectives of flexibility scheduling,
and provide the framework adjustments for the real-life implementa-
tion.

5.1. Research findings

The key findings of the performed experiments are summarized as
follows:

• Flexibility scheduling with the optimal prosumer cooperation
level (Fig. 10) reduces the net load peaks of the planned schedules
(Figs. 11, 12) and decreases collective costs of peak shaving
by 83% compared with the uncoordinated scheduling (Fig. 9a);
whereas the average prosumer dissatisfaction with respect to the
selected net load schedules remains below 28% (Fig. 9b).

• Quantile risky and conservative net load schedules (i.e., modeled
with the uncertain variables having the highest positive or nega-
tive deviation from the central quantile) produce the lowest local
costs and are prioritized by the agents (Fig. 13); yet, due to the
prediction error these schedules cause a larger absolute sum of
household net load imbalances per day (up to 115 kW) compared
with the more quantile-centered schedules (Fig. 17a).

• A high forecast uncertainty of the net load during the daylight
hours leads to significant imbalances in the planned net load
schedule of the community (±180 kW per metering period), and
hence, endangers the system-wide optimality of the cooperative
scheduling and the operation efficiency of the microgrid (Fig. 14).

• The forecast uncertainty of the FCR parameters results in a low
impact on the battery storage unavailability to provide self-
balancing or FCR service (Figs. 16b, 17b), but causes a battery
energy state deviation up to 30% from the planned value at the
end of the scheduling periods (Fig. 16a).

• The techno-economical indicators of the FCR service provided
by a population of residential battery storages remain at the
highest quality levels with the service performance above 98.5%

and 100% availability (Fig. 18); apart from this, the forecast
imbalances in the FCR maximum up- and down-regulation power
of the batteries create an exponential dependence on the forecast
uncertainty (Fig. 17c).

Overall, the results show that the optimal realization of the flexibility
scheduling heavily depends on the consideration of the forecast uncer-
tainty and potential imbalances. In the proposed approach, the use of
distinct quantile levels or regions for the uncertain variables instead
of analogous ones for all seems to decrease the imbalances related
to the flexibility scheduling, and thus, improve the optimality of the
framework.

5.2. General applicability

The developed flexibility scheduling framework is not strictly bound
to the UK regulatory environment and could potentially be used in
any other European country. Some minor adjustments may only be
required for the rules of the FCR service. In particular, the droop
curve parameters, participation requirements, and service performance
indicators can be different, but should be equally substituted with
the operating principles of the primary frequency control commonly
adopted by TSOs across Europe. For the rest of the input parameters
and variables (e.g., ToU and FiT prices, DoD of the batteries, or the time
interval of the automatic meter readings), only numerical adjustments
are needed. Moreover, this framework can also be used in a variety of
scales, including neighborhoods, districts, and cities besides community
microgrids.

5.3. Real-life implementation considerations

The real-life implementation of the proposed scheduling framework
in battery energy management systems requires some adjustments. For
instance, the time-coupled dependence between simulation rounds is
not required in the proposed form and can be modified or neglected.
The modification option can be an inequality constraint in Eq. (19)
ensuring to provide a certain BESS energy charge at the end of the
optimization period. Alternatively, this constraint can be neglected if
the framework runs a model predictive control with a receding horizon
of several days ahead.

However, as shown in the results, the BESS energy state is subject
to imbalances caused by uncertainties of the grid frequency. In this
context, the energy state can still be coordinated using power adjust-
ments at each step along the optimization period to bring the real BESS
energy charge closer to the scheduled one. For example, if providing
FCR service, the BESS recharging can be done when the frequency is
within the dead band limits.

In the experiment, the load and solar production were bound into a
single net load variable because of the input data format. In reality, the
consumption and solar PV production measurements can be obtained
separately, from smart electricity meters and solar PV inverters, respec-
tively. In this case, the net load variable in Eq. (12) should be split into
two variables to take into account this condition.

In addition, the assumptions of the system-wide settings of the coop-
eration level and the relative importance of prosumer objectives should
be revised, and the framework should be adopted to a personalized
approach (similarly to [31]) to better represent the real-life diversity
of prosumer objectives.

5.4. Future trends

The widespread adoption of flexibility scheduling and coordination
methods heavily depends on the availability of prosumer flexibility in
the near future. Overall, the return on investment for the PV battery
system from solely self-consumption as the most valuable application
for the customers is currently questionable [63], and the future uptake
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rate in installations of such systems depends on many interdependent
factors at the customer, market, and electricity supply levels [64].
Nowadays, Germany is one of the leading countries in the installation
of residential PV battery systems. In fact, for the period from 2018 to
the end of 2019, the total number of residential PV battery systems
in Germany was doubled from 100,000 units to 200,000, and about
90% of all the BESS installations are joint installations with solar PV
systems [65]. However, according to the analysis in [66], France and
the UK have the highest technical potential for residential solar PV in
Europe based on the total number of residential dwellings.

A recent study in [23] identified the owners of solar battery systems
as ones of the most inclined toward the role of flexibility providers,
which suggests their possible future game-changing role in the orga-
nization of smart grids. In that case, flexibility provision of upstream
grid services by BESSs can be an additional source of revenue for the
prosumers and a support to the grid in preventing potential black-
outs [67]. Frequency reserve services remain economically the most
lucrative BESS application [44], and it should be noted that changes
in the electricity generation mix will probably increase the future
requirement for a fast reserve to control grid frequency variations, and
thereby, highly likely increase the costs of these services. For instance,
the demand for these services is currently being seen in the UK at the
moments of low load in the power system caused by prolonged lock-
downs due to the COVID-19 pandemic and a high share of renewables
in the generation mix. Furthermore, FCR applications of aggregated
solar batteries start to appear in real-world projects. Just recently,
a VPP pilot project was completed in the south of England, which
allows prosumers to maximize the potential of their solar batteries
by combining self-consumption and dynamic firm frequency response
services [68]. Therefore, one can expect more commercial interest in
intelligent solutions for flexibility scheduling in the coming years.

6. Conclusion

This study proposed a decentralized and privacy-preserving flex-
ibility scheduling framework that coordinates households’ net load
schedules to improve the operation efficiency of a community micro-
grid. The framework enables bottom-up flexibility coordination that
considers a trade-off between the individual techno-socio-economic
goals of prosumers for flexible resource utilization (including provision
of frequency containment reserve service) and the collective goal of
peak demand reduction at the community level.

We found a significant impact of the design parameters on the
socio-technical performance indicators of the flexibility scheduling. For
instance, the optimal value of prosumer cooperation reduces the collec-
tive costs of peak shaving by 83%, while leading to a minor sacrifice in
prosumer goals with the local costs increasing by 28%. However, the
assessment of the framework shows that the optimal implementation
of the flexibility scheduling heavily depends on the consideration of
forecast uncertainty. In particular, the impact of forecast uncertainty
on the net load and response parameters of the frequency containment
reserve causes (i) imbalances into the planned net load schedule, (ii)
battery unavailability for its operation schedule execution and service
provision, and (iii) forecast errors in the maximum up- and down-
regulation power. Overall, the battery unavailability remains low, and
the forecast errors are relatively small for the maximum regulation
power. Indeed, the residential batteries demonstrate efficient techno-
economic performance for the reserve service, but the uncertainty in
the reserve response leads to a deviation in the battery energy charge
up to 30% from the planned value at the end of the scheduling periods.
As a consequence, such a deviation may undermine the prosumer
satisfaction with the realization of their goals. Furthermore, the impact
of imbalances on the community net load schedule is significant (up to
±180 kW per a metering period) to put the optimality of cooperative
scheduling at risk. This paper concludes that the use of distinct quantile
levels for the specific uncertain variables instead of identical ones for

all can decrease the particular imbalances of the planned flexibility
scheduling. Therefore, the findings of the present study can be used by
flexibility providers, aggregators, and system operators to design and
adopt effective measures to leverage the value of prosumer flexibility
in smart grid solutions.

Furthermore, future research should investigate how to consider
the imbalance risks in the local agent decision-making, e.g., by ex-
tending the local optimization with chance constraint [69] or robust
optimization [70]. Moreover, the cooperative flexibility scheduling
can be further enhanced by deploying an adaptive receding horizon
rescheduling and by adding new types of agents in the coordination
loop, e.g., system operators.
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