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ABSTRACT

During the last decade, Baltic electricity markets for wholesale trading in the day-ahead and
intraday timeframe have been well-integrated with the Nordic power market. However,
integration of balancing markets has been started only recently with the launch of the common
Baltic balancing market in 2018 in line with the EU-wide trends on establishing regional
balancing areas. As the 2025 deadline for synchronisation with the Continental Europe grid
approaches, the Baltic transmission system operators have recognised the need to involve more
local balancing resources. While currently the remaining Baltic imbalance is covered by
regulation within the Integrated/Unified Power System (IPS/UPS) of Russia et al., the demand
for balancing reserves will only continue to increase. Additionally, demand for balancing
energy is expected to rise due to the growing share of intermittent generation sources.
Abovementioned considerations require for increased flexibility of the Latvian power system.

This Doctoral Thesis is focussed on improvements of power system flexibility through
employment of demand-side resources and optimisation of the overall balancing process. An
optimised activation strategy of reserves is proposed which can be part of the Baltic TSOs’
workflow where traditionally only human-based dispatching has been employed. Furthermore,
assessment of the operating, planning and economic benefits obtainable from demand response
(DR) in the Latvian power system is provided through detailed modelling of a DR-enabled
technology for the Latvian case study. Finally, a robust tool for an economic assessment of DR
from the end-user point-of-view has been developed. This can be useful for establishing a
business case for DR and attracting new market participants to the Baltic balancing market,
thus increasing market liquidity and improving the overall system flexibility. Hence, the
Doctoral Thesis provides an array of tools and methods on establishing the value of demand
response in the Latvian power system. Along with the optimised balancing process, this can aid
in improving the flexibility of the Latvian and Baltic power systems.



ANOTACIJA

Pedgjo desmit gadu laika Baltijas valstu elektroenergijas tirgi, kas paredzeti
vairumtirdzniecibai nakamas dienas un tekoSas dienas ietvaros, ir veiksmigi integréti
Ziemelvalstu elektroenergijas tirgli. Tomér balans€$anas tirgus integracija sakusies vien nesen
lidz ar vienota Baltijas balans€Sanas tirgus atvérSanu 2018. gada, kas atbilst ari regionalo
balanséSana apgabalu izveides tendencém Eiropas Savieniba. Baltijas energosistému
sinhronizacija ar kontinentalas Eiropas tiklu planota 2025. gada. Tuvojoties Sim terminam,
parvades sisteémas operatori ir atzinuSi vajadzibu péc lielakas viet§jo balans€Sanas resursu
iesaistes. Pagaidam Baltijas valstu atliku$a nebalansa reguléSana tiek nodroSinata Krievijas
parvalditas IPS/UPS apvienotas energosistémas ietvaros. Tapéc pieprasijums pec balanséSanas
rezervém turpinas arvien pieaugt. Turklat ir sagaidams, ka tas palielinasies arT tap&c, ka picaug
partraukumaino generacijas avotu ipatsvars. lepriek§ minétie apsvérumi prasa palielinat
Latvijas energosist€émas elastibu.

Promocijas darba galvena uzmaniba pieversta energosist€mas elastibas uzlabosanai,
izmantojot paterina resursu elastibu un optimizgjot balanséSanas procesu kopuma. Darba
piedavata optimala balans€Sanas rezervju aktivizacijas stratégija, ko iesp&jams ieklaut Baltijas
parvades sist€mas operatoru darba procesa, kur tradicionali dispeceru darbs balstits galvenokart
uz cilvékresursu izmantoSanu. Turklat darba noveérteti ieguvumi, ko Latvijas energosisteémas
darbiba, tas ekonomiskuma un planoSana var sniegt paterina reakcijas (DR) izmantoSana. Tas
paveikts, detalizéti modelgjot iekartas ar paterina vadibas iesp&jam Latvijas energosisteémas
konteksta. Visbeidzot, izstradats riks DR ekonomiskajam novértéjumam no galalietotaja
viedokla. Tas var bt noderigs, lai pamatotu DR izmantoSanas ekonomisko lietderibu un
piesaistitu jaunus dalibniekus Baltijas balanséSanas tirgli. Lidz ar to tiktu palielinata tirgus
likviditate un uzlabota energosisteémas elastiba kopuma. Tadgjadi promocijas darba izstradati
vairaki riki un metodes pat€rina reakcijas vertibas noteikSanai Latvijas energosisteéma.
Lidztekus ar optimiz€tu balanséSanas procesu tas var palidzet uzlabot Latvijas un Baltijas
energosistému elastibu.
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INTRODUCTION

Background and relevance of the research

The action plan for development of electricity market in the Baltic states and integrating it
into the wider EU energy market was formally established by the Baltic Energy Market
Interconnection Plan (BEMIP) in 2009 [1]. Lithuania, Latvia and Estonia was referred to as
“the Baltic energy island” in the BEMIP action plan where it was recognised that sufficient
interconnections should be developed to the grids of Finland, Sweden and Poland as well as the
Baltic area should be integrated with the Nordic power market [2]. As a result of the BEMIP
implementation, the wholesale power markets of the three Baltic states have been well
coupled with the Nordic countries by joining the Nord Pool power exchange in 2010 (Estonia),
2012 (Lithuania) and 2013 (Latvia) respectively [3]. Now, electricity producers and traders
from the Baltic states successfully operate in both day-ahead and intraday market of the Nord
Pool where the majority of wholesale transactions take place.

Nevertheless, the Baltic power system still has some distinct characteristics from the rest of
Europe due to its synchronous operation with the Integrated/Unified Power System
(IPS/UPS) of Russia and Belarus. The Russian power system provides primary power reserves
for frequency regulation and secure system operation within the BRELL (Belarus, Russia,
Estonia, Latvia and Lithuania) ring [4]. The synchronous operation of the Baltic states with the
IPS/UPS is planned to be terminated by 2025 which is the deadline to complete the
synchronisation of the Baltic power grid with the Continental Europe network through two links
between Lithuania and Poland: a 1000 MW alternating current link LitPol and a new 700 MW
direct current submarine cable named Harmony Link [5].

However, in order to increase the energy independence of the Baltic states and involve more
local balancing resources in power system regulation already several years before the planned
desynchronisation, the TSOs of Latvia, Estonia and Lithuania (Augstsprieguma tikls AS,
Elering and Litgrid) have launched a common Baltic balancing market within which the three
countries are able to share balancing energy [6]. The Baltic balancing market has been in
operation since January 1, 2018, and the intention is to also integrate that in a joint Nordic-
Baltic balancing market.

Furthermore, the growing share of intermittent generation sources, especially wind power
plants, combined with the planned synchronisation of the Baltic power systems with the
Continental Europe grid, only increases the demand for balancing resources and improved
flexibility of the power system to be able to ensure frequency regulation not only during normal
conditions but also in case of major outages and even in islanding mode [7].

Flexibility of the power system is its ability “to accommodate the variability and uncertainty
in the load-generation balance” [8]. Generally, most of the flexibility today is provided by the
conventional power plants, particularly, reservoir and pumped storage hydropower plants and
gas-fired turbines which are traditionally considered as more flexible than, e.g., base load coal
and nuclear plants [8]. Nevertheless, it is also possible to harvest flexibility from demand-side
resources, the potential of which has been recognised, though still remains underexploited [8].

11



Demand response (DR) has become a particularly attractive option for increasing power system
flexibility with the recent advances in IT, control and forecasting tools and techniques [9].
Moreover, the advancement of DR fortunately coincides with the increasing penetration of
renewable generation largely composed of variable and intermittent energy sources calling for
more and more flexibility in the power system.

It should be noted though that systematic load shedding is recognised as the most obvious
form of demand response employed in various forms worldwide for decades as a last resort
to avoid system blackout [9]. Automatic load shedding is a measure used to prevent a frequency
collapse under emergency conditions or to prevent deep drops in system frequency. It is based
on the philosophy that in case of emergency ‘“selective restrictions in the energy supply are
more acceptable than the consequences of an extended network breakdown resulting in a power
cut lasting for several hours” [10]. Nevertheless, in order to narrow the amount of load to be
shed, it is usually implemented in stages, starting with the least important loads [11].

However, the recent evolvement of a vast array of IT tools and techniques has enabled the
advancement of much more sophisticated forms for demand response. Thus, nowadays in many
power systems worldwide, demand-side resources can participate in balancing of the power
system on a par with generation-side, including large-scale storage. It is acknowledged that,
through provision of flexibility, demand response could bring a wide range of benefits and thus
constitute one of the main components of the smart grid [12]. Notwithstanding, there are also a
number of challenges related to the involvement of the still untapped demand-side resources in
everyday control actions of the power systems.

European Commission Smart Grid Task Force has defined demand-side flexibility as “the
changes in energy usage by end-use customers (domestic and industrial) from their
current/normal consumption patterns in response to market signals, such as time-variable
electricity prices or incentive payments, or in response to acceptance of the consumer’s bid,
alone or through aggregation, to sell demand reduction/increase at a price in organized
electricity markets” [13]. Similarly, demand response (DR) is defined as “voluntary changes
by end-consumers or producers or at storages of their usual electricity/gas flow patterns™ [13].

On the one hand, the source of this flexibility is either industrial, commercial or domestic
consumers [14] who may use their consumption elasticity or some form of distributed
generation and storage. On the other hand, there is a range of possible procurers of flexibility
services, including TSOs, DSOs and suppliers, who might use it for balancing of the power
system (TSOs), congestion management of the grid (DSOs) or their own portfolio balancing
(suppliers) [13]. As a result, three main types of benefits from DR can be distinguished [9]:

e operating benefits by balancing the fluctuations (forecast errors) of intermittent
renewables, such as wind generation. It is considered that reliability of demand for
provision of ancillary services may be even larger than that from conventional
generators and, also, the effective ramping rate of aggregated demand might be much
higher [9]. Moreover, effective use of DR can also decrease the dependence on power
imported through interconnections from neighbouring regions [9]. This aspect is
examined in a case study for Latvia in Chapter 3;
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e planning benefits by reducing the capacity requirements of the system due to
employment of DR so that investments in both network reinforcement or generation
capacity are deferred or avoided [9], [14];

e economic benefits by decreasing the market power of producers and reducing the
average wholesale electricity prices [9], [15].

However, in order to be able to actually receive those benefits, there are a number of
challenges to be solved beforehand. Apart from other factors, the challenges involved depend
on the type of demand response. To this end, two main categories of DR can be distinguished:

e implicit DR or indirect load control whereby consumers react to dynamic market price
or network tariff signals [16]. These signals can be issued also in the form of, e.g., “time
of use” rates with more expensive price during peak hours and cheaper price during the
night or “critical peak pricing” [9];

e explicit DR or direct load control whereby (usually) aggregated demand-side resources
are traded in the wholesale, balancing and capacity markets and consumers are rewarded
when changing their consumption upon request for activation of balancing energy or
congestion management in the network [16]. This type of DR is computationally and
communicationally more intensive than implicit DR as it involves direct communication
with individual appliances [16].

Important to note that both forms of DR are needed to accommodate different types of
consumers and loads and “exploit the full spectrum of consumer and system benefits” [16].
Furthermore, since the amount of flexible load of individual consumers is often too low to be
able to participate in the market, a new market participant, aggregator, is introduced who acts
as an intermediary between smaller entities and the market [17], [18]. The role of aggregator
can be fulfilled either by the customer’s retailer or another third-party [16].

Some of the main challenges for implementation of both forms of DR [9] are as follows:

e lack of appropriate market mechanisms and regulatory framework;

e (difficulty in establishing a business case for DR and/or DR aggregator;

e difficulties establishing DR as a valuable resource;

e end-user behaviour.

All these challenges can be directly related also to the Latvian power system where demand
response, properly implemented and integrated into the system, could serve as a valuable
resource in providing the required additional flexibility.

The concept of DR and its employment as a power system flexibility source has been
reviewed in a large number of scientific papers addressing the overall benefits, challenges,
barriers and enablers [19]-[22] as well as country-specific case studies [23]-[26]. However,
this Doctoral Thesis provides an assessment of measures that could increase the flexibility of
power systems by employing different types of demand response sources and, additionally,
by improving the overall system balancing process. To that end, we start with the latter by
proposing an optimised activation strategy of reserves and then move on with assessment of the
obtainable operating, planning and economic benefits from demand response in the power
system by providing detailed modelling of a residential DR-enabled power-to-heat (P2H)
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technology for the Latvian case study. The specific type of technology has been selected
considering that P2H exhibits “large and predictable capacities of DR” compared to smart
electric appliances [27]. Furthermore, the Thesis contributes to establishing a business case of
DR with a robust tool for an economic assessment of DR from the end-user point-of-view. The
knowledge of possible benefits could potentially attract new market participants to the Baltic
balancing market, thus increasing market liquidity and improving the overall system flexibility.
Hence, the Doctoral Thesis provides a vast array of tools and methods on establishing the value
of demand response in the Baltic power system.

Hypothesis, objective and tasks of the Thesis

Hypothesis

To sustain the growing needs for power system flexibility, demand response can be
employed as a valuable resource able to bring benefits both for the power system as a whole
and for the end-users providing it. Additionally, power system flexibility can be improved
through optimisation of the balancing process, thus promoting efficient use of the available
reserves both cost-wise and energy-wise.

Objective

Cost-benefit assessment of demand response deployment, considering its implications both
on the power system, including distribution grid, and end-users providing it, and development
of a strategy for optimal activation of balancing resources in the Baltic power system.

Tasks

1. To develop methodology and a software tool for optimising the activation process of
balancing resources within the common Baltic balancing market framework.

2. To devise building thermal models for estimation of their heating demand (provided by
DR-enabled electric heating).

3. To study the potential impact and benefits of large-scale deployment of DR-enabled
technologies such as smart electric thermal storage in the Latvian power system.

4. To develop methodology and a software tool for probabilistic cost-benefit assessment
of demand response provision from the DR asset owner point-of-view.

Research methods and tools

Research studies presented in the Doctoral Thesis were performed employing various
bespoke modelling tools and algorithms developed in-house at the RTU Institute of Power
Engineering by Thesis author together with other Institute staff members.

For defining and solving the optimisation problem of the AOF parameter search tool
presented in Chapter 1, MATLAB scripting environment and Global Optimization Toolbox
was used to take advantage of its data processing abilities and solver patternsearch.
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Consequently, a stand-alone application was compiled which can be deployed on a standard
computer with the royalty-free MATLAB Runtime environment. Microsoft Excel was used
for data input and output due to its user-friendly interface. Additionally, validation and analysis
of the results obtained by the optimiser also take place in Excel to enable the user to manually
inspect the dynamics of ACE forecast and the course of regulation activations in any particular
hour in the test dataset.

Building thermal network models introduced in Chapter 2 were devised in MATLAB
Simscape which enables creation of models of physical systems (buildings in our case) and
simulation of their thermal performance using MATLAB Simulink. Thus, MATLAB
environment was used both for identification of equivalent thermal network parameters and
building simulations to derive their heating demand timeseries for power system modelling in
the next chapter. Performance of the simplified thermal network was compared against the
results of a more complex EnergyPlus-calibrated model developed by our partners within the
RealValue project. For physical experiments in the buildings, temperature loggers were used to
derive the cooling and heating curves of the houses.

In Chapter 3, MATLAB was used for power flow modelling in the distribution grid.
Solvers from its Optimization Toolbox were employed for optimal load scheduling based on
different objectives. Namely, for minimisation of load variance and minimising the cost of
losses, fmincon solver (employing the interior-point algorithm) was used which is intended for
constrained nonlinear optimisation problems. However, energy cost minimisation, being a
linear problem, was performed with the linprog solver using the dual-simplex algorithm.

Furthermore, for power system modelling, the RTU’s in-house developed scheduling tool
OptiBidus-TEC was employed to derive electricity production schedules for two major
cogeneration plants. When modelling the different future scenarios, MATLAB was employed
to prepare the input data by scaling and adjusting the data according to the scenario
assumptions. Furthermore, the concluding power system benefit assessment was implemented
in Excel. It also involved employment of the method of least squares for linear regression.

Similarly to the approach used in Chapter 1, DR Assess tool presented in Chapter 4 was
developed using the MATLAB scripting environment. To make it usable for any interested
person, a stand-alone application was compiled which can be deployed on a standard computer
with the royalty-free MATLAB Runtime environment. Additionally, due to its user-friendly
interface, Microsoft Excel was used for data input and output of detailed results for exemplary
scenarios. They allow studying each demand response activation of the scenario and related
cash flows in high detail.

Scientific novelty

To facilitate optimal activation of balancing resources by the transmission system operator,
a bespoke tool, AOF parameter search, has been developed. It includes a complex algorithm
mimicking the activities of a TSO dispatch operator in ordering mFRR products to sustain the
power system balance. However, in contrast to solely human-based dispatching of reserves, the
proposed algorithm allows automated processing of a large amount of historic data to devise an
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optimal strategy for the power system regulation process. The optimised regulation parameters
provide more efficient power system balancing both energy- and cost-wise and allows
reducing the area control error of the Baltic power system towards the Open Balance Provider,
thus improving the energy independence of the Baltic states.

Subsequent research efforts have been dedicated to the cost-benefit assessment of various
demand-side flexibility resources that can be used not only for power system balancing (via
explicit demand response) but also for other services or purposes such as implicit demand
response. To carry out this evaluation from different angles and consider the benefits both from
the power system and end-user point-of-view, several mathematical models have been devised.

Firstly, an efficient data-driven modelling approach has been implemented for thermal
modelling of buildings in order to estimate their heating demand. This is vital to enable cost-
benefit assessment of DR-enabled electric heating equipment with thermal storage (smart
electric thermal storage heaters, SETS), which is a technology potentially able to provide a
number of benefits both for the power system at large and the end-users. The simulated
timeseries of building heating demand are then fed into distribution grid and power system
models tailored particularly for studying the impact of SETS deployment on the Latvian power
system. While this type of heating has been in use in several European countries for decades, it
has been virtually unknown in the Latvian market before. To that end, the conducted study is
the first one providing insights into the implications of SETS deployment in Latvia.
Furthermore, the study was informed by the data obtained through real-life demonstration of
SETS in 50 different buildings around Latvia.

Finally, to inform the potential DR-providing end-users of the related costs and benefits,
the DR Assess tool has been developed. It is based on Monte-Carlo simulations to properly
consider the uncertainties characteristic to electricity markets and provide probabilistic results
on benefits the end-user can gain through provision of explicit DR to the market or via
implementing implicit DR. While the tool has been tailored for the Latvian case, considering
the existing common Baltic balancing market and Nord Pool day-ahead market frameworks, it
could be easily applied also to other case studies with similar market setup.

Practical significance of the research

Research studies carried out by the author during development of the Doctoral Thesis have
contributed to several research and innovation projects. Listed below, they include not only
national and international scientific projects but also contract work for a major industry
stakeholder.

1. National Research Programme project “Energy-efficient and low-carbon solutions for a
secure, sustainable and climate variability reducing energy supply (LATENERGI)”
(2014-2017).

2. Project “Realising Value from Electricity Markets with Local Smart Electric Thermal
Storage Technology (RealValue)” (2015-2018), funded within the European Union’s
Horizon 2020 research and innovation programme.
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3. Research contract “Development of mathematical models for an economic assessment
of demand-side flexibility resources and activation optimisation of balancing reserves”
(2017-2018), commissioned by “Augstsprieguma tikls” AS (the Latvian TSO).

4. Project “Management and Operation of an Intelligent Power System (I-POWER)”
(2018-2021), funded by the Latvian Council of Science.

5. Project “Future-proof development of the Latvian power system in an integrated Europe
(FutureProof)” (2018-2021), funded by the Ministry of Economics of the Republic of
Latvia within the National Research Programme “Energy”.

6. Project “Innovative smart grid technologies and their optimization (INGRIDO)”
(2018-2021), funded by the Ministry of Economics of the Republic of Latvia within the
National Research Programme “Energy”.

7. Project “TSO-DSO-Consumer INTERFACE aRchitecture to provide innovative grid
services for an efficient power system (INTERRFACE)” (2019-2022), funded within
the European Union’s Horizon 2020 research and innovation programme.

Author’s personal contribution

During development of the Doctoral Thesis, its author participated in several collaborative
projects implying tight cooperation with other staff members of the RTU Institute of Power
Engineering.

Namely, the AOF parameter search tool was developed by the author together with
Researcher K. Baltputnis, under the supervision of Prof. A. Sauhats. The author contributed to
all stages of work and specifically to state-of-the-art analysis, conceptualisation and definition
of the mathematical model, data collection and analysis, took part in programming and testing
of the tool, performed the case studies and analysed their results.

Modelling of DR-enabled electric heating and its value estimation for the Latvian power
system was performed by the author together with Researcher K. Baltputnis, Senior
Researchers J. Kozadajevs and L. Petrichenko, under supervision of Prof. A. Sauhats and
coordinated by Senior Researcher D. Zalostiba. The author contributed to the state-of-the-art
analysis, conceptualisation of the models and methodology, took part in programming and
testing of the models as well as in data collection and analysis. The author also interpreted and
analysed the results of performed case studies.

Finally, the DR Assess tool was developed by the author in close collaboration with
Researcher K. Baltputnis, under the supervision of Prof. A. Sauhats. The author contributed to
the state-of-the-art analysis, conceptualisation and definition of the mathematical model, took
part in programming and testing of the tool, and analysed the case study results.

Approbation of the results

Research results of the Doctoral Thesis have been included in eight peer-reviewed
scientific papers which have been published in the proceedings of six international
conferences, all indexed in Scopus.
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Structure of the Thesis

The Doctoral Thesis is written in English. It is composed of an introduction, four main
chapters, conclusions and bibliography with 117 references. The Thesis, containing 84 figures,
21 tables and S appendices, consists of 170 pages.

Chapter 1 proposes an optimisation procedure of the balancing process of the Baltic power
system. This is both an economically and politically important topic for cost-reduction of power
system regulation and increase of the energy independence of the three Baltic countries. The
developed optimisation algorithm allows automated establishing of the regulation parameters
as opposed to human decision-based regulation procedure only. Thus, it can serve as a part of
the “activation optimisation function” set forth by the EC regulation on electricity balancing.
Furthermore, improvements in the balancing process can also aid in the technically challenging
synchronisation with the Continental Europe network due in 2025.

To ensure a balanced power system operation, it is important the TSO has enough flexibility
resources at hand. As such, demand-side flexibility has been generally admitted being an
underused resource, especially in the common Baltic balancing market with sometimes lacking
balancing reserve providers. Therefore, subsequent chapters are dedicated to employment of
demand response sources and their cost-benefit assessment to inform both the system operators
or policymakers and the end-users of related effects when unlocking the demand-side
flexibility.

Smart electric thermal storage is selected as one potential demand-side flexibility resource
which, until now, has been generally unknown in the Latvian market. Thus, Chapter 2
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describes the technology and modelling approach employed to estimate the heating demand of
buildings with a data-driven black-box approach. The derived consumption of DR-enabled
electric heating devices is then used for their value and impact estimation both at the distribution
grid and power system scale in Chapter 3.

Finally, Chapter 4 presents methodology and a tool for a probabilistic economic
assessment of DR provision from the end-user point of view with a focus on their participation
in the balancing market. The tool informs the potential DR providers on their probable cash
flows considering uncertainties related to electricity wholesale and balancing prices and also
market demand for the balancing resources. Thus, it can facilitate the entrance of new balancing
market participants and increase the overall flexibility of the Baltic power systems.
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1. OPTIMAL ACTIVATION OF BALANCING RESERVES

1.1. Motivation and background

The European Commission Regulation on electricity balancing aims to foster the formation
of integrated balancing markets to enable a cost-efficient and reliable exchange of balancing
services among the European countries [28]. To implement this, relevant ICT tools need to be
developed, as until now the balancing of power systems is still often human operator dependent.
Balancing bids for activation should be selected from merit order lists containing bids of
standardised balancing products.

This chapter is focused on a software tool, AOF parameter search, developed in 2017 in
preparation for the launch of the common Baltic balancing market established in 2018 by the
Latvian, Lithuanian and Estonian transmission system operators (TSOs) with the overarching
objective to develop a common Nordic-Baltic balancing market for manually activated
frequency restoration reserves (mFRR) [29]. It presents practical research based on a real-life
case study of the Baltic power system for optimal activation of manual frequency restoration
reserves.

The tool for determination of the activation volume and time schedule for balancing
reserves was developed to facilitate the decision-making process of the transmission system
operator in balancing of the power system within a coordinated balancing area. The study is
important in light of the ongoing integration of balancing markets within the European Union
(EU) and the subsequent need to develop an activation optimisation function. Recently, regular
balancing needs of the Baltic countries were covered mostly by the neighbouring Russian power
system. The motivation for this study was moving towards local regulation as much as possible
for energy dependence related and economic reasons.

The Baltic power system has some distinct characteristics due to its synchronous operation
with the Integrated/Unified Power System (IPS/UPS) of Russia and Belarus. The Russian
power system provides primary power reserves for frequency regulation and secure system
operation within the BRELL (Belarus, Russia, Estonia, Latvia and Lithuania) ring [4]. As of
2018, the TSOs of Latvia, Estonia and Lithuania (Augstsprieguma tikls AS, Elering and
Litgrid) have established a common Baltic balancing market within which the three countries
are able to share balancing energy. However, the remaining not netted imbalance is settled by
an Open Balance Provider (OBP) (Fig. 1.1) which provides balancing energy from the Russian
power system via seven transmission lines. The imbalance settlement period (ISP) currently is
one hour, and the not netted imbalance with the OBP is defined as the total Baltic area control
error (ACE), or the overall system imbalance. It is calculated as the difference between the
scheduled and the actual power flow each minute, integrated over the whole ISP to obtain the
final ACE in MWh. Thus, the payment for the Baltic ACE covers the cost of the Russian
frequency control service [30].

Formally, the three Baltic countries are required to keep their imbalance within certain
limits (=30 MWh/h for Estonia and Latvia each and £50 MWh/h for Lithuania [29]). In
practice, until the end of 2017 minor imbalances were handled by the imports from Russia on
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a regular basis while local activations were used to cover larger imbalances on comparatively
rare occasions. As a result, the ACE energy constituted a major part of the total Baltic balancing
energy and contributed a significant share of balancing costs in the Baltic markets (e.g., some
40% of total balancing costs in Latvia in 2014 [30]). Handling ACE with energy from the
Russian power system is costly due to the specific pricing policy employed by the OBP: a low
sell price fixed at 5 €/ MWh and a high buy price which may exceed 100 € MWh (data of 2015)
[30]. For context, the average day-ahead market electricity price in the three Nord Pool bidding
areas of the Baltic countries was 35.23 €/ MWh in 2016.

Estonia

Elering

Balticarea — — o

Russian
counterparty
INTER RAQ
Lietuva

Litgrid

F—_———— — — -

Lithuania

Fig. 1.1. Imbalance netting of the Baltic TSOs under the Open Balance Agreement [30].

The aforementioned considerations along with the political decision to cease synchronous
operation with the IPS/UPS by 2025 [31] encouraged the Baltic TSOs to develop a Baltic
balancing IT system with the primary function to ensure sustainable physical cross-border
balancing. This system facilitates sharing balancing energy among the three countries with the
aim to increase reliance on mFRR provided by local producers, the bids of which are included
in the Baltic common merit order list (CMOL). It is expected to reduce the overall balancing
costs incurred by the three Baltic TSOs while contributing to the energy independence of
Latvia, Estonia and Lithuania.

One of the building blocks of the common balancing system is the Activation Optimisation
Function (AOF). As stipulated in the guidelines [28] developed by ENTSO-E, the AOF
determines the most efficient activation of the incoming balancing request while respecting
some capacity and operational restrictions. The Baltic TSOs intend to implement the AOF as
an automatic algorithm the main inputs to which are the available bids from the CMOL
(considering transmission constraints) and activation volume proposal [29], the latter being the
focus of this study. Specifically, it implies an algorithm for determination of optimal activation
volume of balancing reserves along with a time schedule based on the historic ACE data with

23



minute resolution and the current ACE forecast. It is meant to support the decision-making by
the dispatch operator of the transmission system, which thus serves as the first step towards
building a fully automatic system for the activation of balancing reserves.

As of now, the ordering of the balancing energy is left solely to the dispatch operator with
a very short timeframe for decision-making. Combining the time restriction with the large
number of variable and uncertain parameters of the power system, it stands to reason that an
automated tool should provide operational advantages. However, the significant hands-on
experience of dispatch operators, which is challenging if not outright impossible to translate
into an automated algorithm [32], cannot be dismissed or ignored. Thus, one of the tasks of this
study has been to investigate the pros and cons of automated vs manual regulation activation.

Literature search in 2017, when this study was still ongoing, yielded only a few scientific
papers referring to the AOF. This term was first introduced in the EC guidelines on electricity
balancing approved in 2017 [28]. One of the studies [33] proposes balancing optimisation based
on stochastic unit commitment principles using imbalance forecast scenarios. The objective of
optimisation in [33] is to minimise expected activation costs, which is demonstrated using
Norwegian imbalance and market data. As a result, bid activation schedules are proposed. The
imbalance forecasts are generated from probability distributions of historical data series, and
balancing activation bids are created based on prices and volumes in the Norwegian balancing
energy market. Utilisation of both mFRR and aFRR is considered.

Case studies of optimal scheduling of ancillary services (AS) for the Czech Republic are
presented in [34] and [35]. In [34], five different types of AS used by the Czech TSO are
considered to minimise the cost of balancing. Power imbalances and the resulting ACE 1is
obtained from Monte Carlo simulations to imitate the random behaviour of the power system,
while the AS prices are assumed as estimated by experts due to the complexities related to
modelling the entire AS market. In [35], an evolutionary algorithm for cost-optimal dispatch of
AS i1s used and regulation reserves are modelled for a 6-hour horizon. Comparison of the
historical vs optimised activations shows that the ACE and regulation energy costs decrease in
the latter case.

1.2. Methodology

Within this study, we developed a software tool for deriving optimal activation
parameters of mFRR for balancing of the Baltic power system. The main objective of the
algorithm implemented is to identify close to optimal regulation parameters and to evaluate the
performance of balancing operations carried out in accordance with these parameters. The
optimisation problem is formulated and solved in MATLAB to take advantage of its data
processing abilities and solvers. MS Excel is used for input and output due to its user-friendly
interface.

Development of the AOF parameter search tool took place in 2017. It was commissioned
by the Lavian TSO, “Augstsprieguma tikls” AS, within the research contract work
“Development of mathematical models for an economic assessment of demand-side flexibility
resources and activation optimisation of balancing reserves”. The scope of the tool is the
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activation of balancing reserves (namely, mFRR) provided within the common Baltic balancing
market to minimise the ACE covered by OBP (Fig. 1.2).

Balancing actions

-------------------- Lt AOF parameter search

.

balancing market (for ,-:
Production vs consumption | | . mFRR)
h ﬂ SPower system | T Balance
— e —— .imbalance [\ e restored
o A Open Balance

Provider (for ACE)

Fig. 1.2. The role of AOF parameter search tool within the Baltic balancing process.

The core of AOF parameter search is an algorithm for activation volume and time
suggestion. It is implemented as a stand-alone application to inform the dispatch operator
whether, at a certain point within an ISP, balancing activation must be ordered and, if so, in
which direction and to what extent. The algorithm receives as its input minutely data of the
Baltic area control error (ACE) forecast along with the final ACE at the end of each ISP
(currently, an hour). Then, an optimisation procedure is employed (Fig. 1.3) to determine the
most efficient balancing schedule based on the historic ACE data.

Optimisation with the main objective to minimise ACE

ordered_powers
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P remaining hour (ISP) order / cancel / skip
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Fig. 1.3. A simplified illustration of AOF parameter search operation.

The balancing energy is dispatched based on three distinct sets of parameters:

e time of activation (minutes from the beginning of each ISP);

e percentage of the ACE forecast to be regulated against;

e ignorance level which is the threshold the ACE forecast must meet for regulation to be

activated.

In this study, the optimisation and balancing simulations are performed on the historical
ACE data of 2016, with 2/3 of that data used for training and the remaining 1/3 — for testing
purposes. The values of the regulation parameters are found by employing a direct search
optimisation procedure which, within its evaluations, simulates the balancing actions during
each ISP applied to the training dataset. The objective function encompasses a multi-objective
problem which mainly aims to minimise the ACE with some other additional criteria such as
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balancing energy and ordered power, the importance of which can be adjusted by means of
weight coefficients. Finally, the parameters identified by the optimiser are once again fed to the
balancing simulation algorithm to generate results and their summary. By default, the
simulation with the optimised parameters is carried out on the testing dataset to assess the
generalisability of the procedure.

1.2.1. Overall structure of the algorithm

The structure of the overall algorithm is illustrated in Appendix 1. The parts of it dealing
with the formulation and solution of the optimisation problem are implemented in the
MATLAB scripting environment to take advantage of its data processing abilities and solvers.
Thus, a stand-alone application has been compiled to be deployed with the royalty-free
MATLAB Runtime environment. MS Excel is used for input and output. Additionally,
validation and analysis of the results obtained by the optimiser are carried out in Excel to enable
the user with an ability to manually inspect the dynamics of ACE forecast and the course of
regulation activations in any particular hour in the test dataset.

The most important parts of the algorithm are as follows:

1) reading input data of ACE forecast in 1-minute resolution and user-selected settings

for regulation and optimisation, such as ISP duration, max number of activations per
ISP, preparation time before mFRR activation, ramping rate, the minimum interval
between two subsequent activations and bounds on optimisation variables (i.e.,
regulation parameters);

2) data preprocessing — the initial dataset is partitioned in two subsets and all further

operations with them happen independently. One of these subsets comprises working
days, whereas the other one — non-working days which include weekends and public
holidays. While Saturdays and Sundays are detected automatically (provided the date
and time information in the initial dataset is included in a distinguishable format), the
dates of public holidays are determined from an additional editable external list since
they can be subject to policy changes.
Further on, the datasets are subjected to a filtration procedure the aim of which is
removing those hours from the datasets that contain sudden jumps in their ACE
forecasts in a short time span possibly indicating either a fault in data collection or
failure to subtract historical regulation activities (the input dataset ought to be in a form
where regulation is not included, i.e., it should be subtracted from the time series to
ensure that the algorithm is applied to data without regulation). Generally, the procedure
of filtering can be tuned, but by default, it discards the hours where a change in the
absolute value of ACE forecast equal or greater than 50 MWh/h happens in a time span
of 5 minutes or less (but not accounting for the first 10 minutes of the hour as notable
changes in the ACE forecast are expected at the beginning of ISP following the current
forecasting techniques);

3) finally, the datasets are divided into training and testing subsets; by default, they
comprise 2/3 and 1/3 of the filtered data respectively, but this can be adjusted or
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4)

S)

6)

altogether disabled in the configuration of the tool. By default, regulation parameters
are optimised on the training dataset. Then, to test the performance of the optimised
balancing schedule, the estimated parameters are applied to the testing dataset to
simulate all activities of regulation. Consequently, the results then show the
performance of regulation only for the testing set and allow us to evaluate the
generalisation ability of the activation parameters found by the optimisation problem
solver;

optimisation problem solver — it iteratively finds a solution (a set of regulation
parameters) which provides a good (close to minimum) objective function value. Given
that the objective function is very complicated (it includes passing the entirety of the
training dataset through regulation activation logical instructions including both
ordering of regulating power and its partial or full cancellation taking into account
ramping), traditional gradient-based solvers cannot be used. Instead, more versatile
solvers, e.g., MATLAB patternsearch, should be employed. Another issue caused by
the complexity of the objective function is the risk of stopping in local minima, which
can be partially alleviated by implementing a multi-start call to the solver (i.e.,
beginning the search at different initial points). The greater the number of calls to the
solver, the greater the chance of finding a better solution at the cost of higher
computational time. Nevertheless, absolute certainty of obtaining the global minimum
cannot be established by definition, hence a precaution in the terminology used —
hereinafter the term optimum solution refers to the output of the solver and generally
describes the best solution the solver was able to find under the particular circumstances
and time allocated to it;

the objective function receives the set parameters of activation (minutes, percentages
and ignorance levels) at every solver iteration where it calculates the corresponding
value to be minimised (Appendix 2). The calculation procedure of the objective function
comprises mainly two nested loops where the outer one passes ACE forecast data of
every ISP in the training dataset to the inner loop, which in turn applies the activation
parameters chronologically by simulating the ordering, partial and full cancellation of
regulating power. Essentially, the form of the objective function is that of a set of logical
operators meant to mimic as realistically as possible an automated decision making of
such a balancing system which would perfectly obey the pre-selected activation
parameters;

finally, the activation parameters found by the solver are applied to the testing
dataset (at this stage, in Excel instead of MATLAB) where the same regulation logic
as in the objective function is employed to analyse the performance of these parameters.
Some of the most important metrics to pay attention to during the testing stage are the
average absolute ACE, ordered and supplied regulation energy, the share of cancelled
or wrong energy, the share of ISPs where the regulation has increased the final
imbalance instead of improving it etc.
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1.2.2. ACE forecast

In general, timeseries of ACE forecast that are provided as input data for optimisation can
be either a historical record of ACE forecasts or simulated timeseries created for simulation
purposes. In this study, we used real-life historic data of 2016 with a minute resolution from
the SCADA/EMS provided by the TSO. Since forecasting per se was out of the scope of this
study, we employed an already existing naive ACE forecasting approach used by the TSO:

ACEfn(:rec - (&Zual M m+ 1 Z actual Z plan j > (1 . 1)
k=1 k=
where m — index of the particular minute;
M — length of the ISP in minutes;

ACEY .. — forecast of the hourly ACE (MWh) at minute m;
Plﬂ

actual

— actual power flow measured at minute .

The two summation operators calculate the total actual power flow P

actual

from the beginning

of ISP till the previous minute, m — 1, and the planned power flow, P, , for the whole ISP,

plan >
where k& indexes through the time steps Ar. Since the time step, in our case, is equal to one
minute, we divide the equation by 60 to obtain energy (ACE forecast) in MWh. The power
flows here refer to the total scheduled Baltic power flow balance (after Nord Pool day-ahead
and intraday market clearing) and the actual Baltic balance. The results of the case study
presented further on demonstrate overall good applicability of this ACE forecasting approach.
Nevertheless, it is also one of the possible directions for improvement of the AOF algorithm in
future work. Some of the approaches suggesting more sophisticated forecasting of system
imbalance volumes are provided in [36] and [37].

1.2.3. Objective function

In Appendix 2, a general outline for calculation of the objective function value can be found.
As previously mentioned, it iterates through the ISPs (hours in the current implementation) and
simulates the process of regulation activation within each ISP with a set of given parameters.
For multi-objective optimisation, we employ the weighted sum method to scalarise a set of
objectives into a single-objective function, which is the subject of minimisation. Its value is
made up of several metrics, the most important of which usually is the sum of the absolute
values of ACE at the end of each ISP. The other two metrics considered in the software tool
are the sum of the provided balancing energy and the sum of the balancing power orders
during each ISP. The combination of these metrics is made possible by imposing user-selected
weight coefficients to each criterion of the problem statement. Their primary purpose is to set
the importance of each of the components within the objective function, but they also aid in
ensuring that the various components can agree dimensionally. Thus, the objective function can
be expressed as
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where w,,, w,, w,, w; — weight coefficients for the various criteria of the problem statement;

ACE™" —positive ACE, or net balancing energy exported to the Russian power system

pos

(MWh/h) during the ISP;

ACE™ — negative ACE, or net balancing energy imported from the Russian power

neg

system (MWh/h) during the ISP;
E®  —total provided balancing energy (MWh) during the ISP;

reg.suppl.

P —sum of the ordered regulation power (MW) during the ISP;

reg.ord.

ISPs —number of ISPs in the training dataset.

The weight coefficients can be adjusted by the user depending on their priorities. In our
case studies, the primary goal was to minimise the ACE at the end of each ISP, while also trying
to efficiently reduce the amount of balancing energy used and the ordered regulation power.

Optimisation variables comprise a set of parameters a dispatch operator would use for the
actual balancing actions, namely: (1) time of activation (minutes from the beginning of each
ISP); (2) percentage of the ACE forecast to be regulated against; (3) ignorance level which is
the threshold the ACE forecast must meet for regulation to be activated. The constraints for
these variables are set by the user. Additionally, the user selects the maximum number of
activations per hour (1..5), the preparation time for activation of reserves and the ramp rate. All
these settings serve as constraints during the optimisation and are used for simulating the
regulation actions.

1.2.4. Regulation simulation logic

To simulate the regulation actions, we assume that three distinct decisions can be made at
each decision point (time of activation): order regulation; request a change (incl. cancellation)
of'a previously ordered regulation; do nothing. The set of instructions which carries out the task
of simulating regulations within the inner loop of the objective function calculation (Appendix
2) has a fairly complex structure. It takes into account factors like preparation time (from
making the decision to order/change regulation to the beginning of its implementation),
ramping rate (from one power state to another), and feasibility of the necessary regulation
energy to actually be delivered in the remaining time within the ISP (this, in combination with
the ramp rate, also defines the ceiling of power that can be ordered at a given activation time).
The algorithm for activation of balancing reserves is described in more detail in Appendix 3.

The decision to call for regulation activation is made if at a given activation minute the ACE
forecast meets or exceeds the ignorance level. The ACE forecast is updated correspondingly.
The decision to cancel a previous regulation also requires a violation of the ignorance level, but
additionally, the sign of the ACE forecast needs to have changed. The cancellation, in this case,
allows avoiding a situation where two activations in opposite directions are online at the same
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time, thus minimising the amount of regulation energy which has ultimately been wasted by
shifting the ACE in the wrong direction, requiring additional regulation to alleviate this.

The operation of the activation logic can be better explained by referring to visual
representations of ACE dynamics in particular hours in the following figures. In these figures,
the simulated regulation activities during some arbitrarily selected hours are illustrated. The
cases displayed refer to a scenario where the maximum number of activations (i.e., time
setpoints) is equal to five. If the upper bound on activation minutes is 45, the lower bound — 5,
and the minimum distance between two activations — 10 minutes, then a decision on whether
to activate has to be made at minutes 5, 15, 25, 35 and 45. In the first example (Fig. 1.4), only
one of these times was the corresponding ignorance level overcome (minute 35/ 13.8 MWh/h)
and, subsequently, down-regulation (—76.5 MW) was ordered.

450 +

Parameters
200 4 Minute of activation Volume of activation (% of forecasted ACE) Ignorance (MWh)
1 2 3 4 5 1 2 3 4 5 1 2 3 4 5
5 15 25 35 45 87.5 87.5 87.5 97.2 97.2 300.0 184.0 24.0 13.8 10.0
350 +
300 +
250 +
3
H
B 200 +
g
3
5 150 T
p}
Q
<
100 +
50 4+ ACE w/o regul.: 33.1 MWh
; - /\/\/\/\/\/\/_/M | | |
L/ 10 20 30 40 50 60
minute: 35 ACE w regul.: 49 MWh
-50 T ACE frc.: 29.0 MWh/h
reg. en.: -28.2 MWh
(97%)

-100 -~ reg. pow.: -76.5 MW

Fig. 1.4. Regulation example with one activation.

In the next example (Fig. 1.5), the ignorance level was violated at minute 25 (]-31.0| >
>24.0 MWh/h) which given an 87.5% activation volume resulted in ordered up-regulation
power of 49.6 MW. However, during the next minute setpoint (minute 35) it was found that the
ACE forecast once again exceeds the current threshold (16.0 > 13.8 MWh/h), but now in the
opposite direction. This implies that at least part of the previously ordered regulating power
might actually not be necessary, hence, the previous order is decreased by 41.8 MW.
Nevertheless, the final ACE with regulation has a different sign than without it signifying
overregulation.
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Fig. 1.5. Regulation example with one activation and its partial cancellation.

Example of another hour (Fig. 1.6) illustrates well the perils of overly early activations. At

minute 5 a very high ACE forecast is obtained, which exceeds even the very large threshold for
this set time (317.7 MWh > 300 MWh) resulting in a large regulation volume. However, the
order had to be partially decreased at minutes 25 and 35 and fully cancelled at minute 45.

Furthermore, at minute 45 a new activation in the opposite direction had to be ordered equal to

11.4 MWh of regulating energy. The significance of this lies in the regulation procurer having

to pay twice for this energy without it having any tangible benefit.
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Fig. 1.6. Example with regulation in opposite directions.
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Similarly to the previous example, in the next case (Fig. 1.7) regulation in the wrong
direction has been detected which had to first be fully cancelled, secondly — mitigated and
finally — regulation in the right direction had to be ordered to decrease the final ACE. However,
overall the operations were a success as the ACE for this hour decreased from 37.1 MWh
without regulation to 4.5 MWh with. The cases of opposite regulation are a consequence of the
fairly notable changes in ACE forecasts during some particular hours and they can be avoided
mainly by improving forecasting techniques.
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Fig. 1.7. Another example with regulation in the opposite direction.

Further on, in Fig. 1.8 regulation has been activated for a total of three times, besides at
none of the set times a necessity to fully or partially cancel the previous activations was
identified. Still, this particular example is of interest due to the overregulation evident from the
final ACE values (46.3 MWh without and —17.9 MWh with regulation). The third activation
happened at the last allowed set time (minute 45) and at that point, the adjusted ACE forecast
reached a mere 0.4 MWh, but drop in the ACE trajectory during the last fifteen minutes by
18.3 MWh results in —17.9 MWh overregulation once again illustrating the importance of
accurate forecasting. The other takeaway from these examples is the necessity to exercise
caution if the operator is indeed committed to begin regulation very early in the hour.
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Fig. 1.8. Example with several activations over the hour.

1.3. Results and discussion

To obtain (close to) optimum mFRR activation parameters, the optimisation procedure was
applied to historical data of the year 2016 provided by the TSO which was divided into training
and testing subsets. Data series of the ACE forecast (1.1) and the actual ACE with minute
resolution was split into three-month periods in an attempt to capture seasonal differences in
data. This approach also reflects the intended use of the algorithm by the Baltic TSOs, namely,
its application on historic data of one or a few months to obtain activation parameters which
are then used to assist the operators in balancing the power system for upcoming periods (e.g.,
one or a few months). Regulation parameters were optimised on the training dataset comprising
the first 2/3 of the whole preprocessed set. To test the performance of the optimised balancing
schedule, the estimated parameters were applied on the testing dataset (i.e., the remaining 1/3)
to simulate all activities of regulation as performed by the TSO. Consequently, the results
presented show the performance of regulation only for the testing set and allow us to evaluate
the generalisation ability of the optimisation procedure.

The calculations were performed with different day-type differentiation settings: (1) a/l
days — optimisation and testing done without distinguishing weekdays and holidays; (2)
weekdays — optimisation and testing done for weekdays only; and (3) for only 4olidays, which
include weekends and public holidays. For space-saving purposes, the results shown below
refer to the optimisation of all days.

1.3.1. Optimised regulation parameters

The optimised activation parameters and resulting ACE for one of the three-month datasets
(July—September 2016) are shown in Table 1.1. While the maximum number of activations per
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ISP was varied from 1 to 5, in all cases but with only 1 activation the last selected activation
minute is 45 which is the upper bound imposed during the optimisation. This is due to the
initially highly uncertain nature of the ACE forecast the accuracy of which significantly
increases towards the end of each hour (Fig. 1.10). Since premature activation can lead to
redundant regulation orders (i.e., opposite reg. energy) and the subsequent cancellation of
regulations that happen to be in the opposite direction, the algorithm evidently tends to postpone
activations for as long as possible.

In the case of 1 max. activation, the selected activation minute is 35 with a volume of
activation 90.5% relative to the ACE forecast. Ignorance level of the ACE forecast is 10 MWh/h
which is actually equal to the lower bound set for optimisation. This implies that decreasing
this bound might possibly provide a slightly lower ACE at the end of hour because a larger
amount of imbalance would be eliminated. The final JACE|! for 1 max. activation reaches an
average of 12.5 MWh/h which is 38—62% larger than that with a greater number of activations.
Thus, we can conclude that more than one activation should be preferred. Nevertheless, even
one activation improves the final ACE by 25.5 MWh/h and significantly reduces its positive
bias. Similar conclusions follow also from the optimisation results when weekdays and holidays
are differentiated.

For 2 to 5 max. activations, even more evident is the tendency to postpone activations to
as late as possible. Moreover, for 5 activations the only feasible activation minutes due to the
imposed constraints are 5, 15, 25, 35 and 45. In all instances, the percentage volume to be
activated increases towards the end of hour which is related to the increasing accuracy of the
ACE forecast, since the amount of imbalance to be regulated is calculated as percentage volume
of the ACE forecast. Conversely, the ignorance level decreases towards the end of hour
eventually reaching the lowest bound (10 MWh/h). In a few instances, for 4 and S max.
activations the ignorance level for the two first activations is set to a fairly high value close to
200 MWh. This implies that early activations should happen only in rare occasions where the
ACE forecast is particularly large.

The resulting ACE after simulating the balancing activities according to the optimised
schedule for the same period is illustrated also in Fig. 1.9. The ACE is noticeably reduced (up
to 4.9 times) from 37.95 MWh/h before any regulation to 7.71-12.50 MWh/h. It is important
to note that the average absolute error of the ACE forecast at the last selected activation minute
15 6.34-10.67 MWh/h (Table 1.1). This is very close to the lowest average ACE value achieved
(7.71 MWh/h) clearly demonstrates a very good overall performance of the algorithm and its
generalisation ability when distinct sets are used for training and testing. The number of hours
where ACE has increased as compared to that without regulation is rather small and varies from
2.9% to 10.4%.

! For comparability of positive and negative values, the absolute value of ACE and regulation energy is referred
to hereinafter.
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Table 1.1. Optimised regulation parameters and resulting imbalance for 1 to 5 max. activations

Data period July=September 2016 (day type: all days)
Reg. parameters optimised for all days
max number of activations 1 2 3 4 5
activation minutes 35 23; 45 22;34; 45 | 15; 25;35; 45 5; 15; 25; 35;
45
volume of activation % 90.5 75.4;97.4 65.9; 81.9; 50.1;50.7; (31.1;31.1;31.1;
relative to ACE forecast 98.5 80.6; 93.7 76.7;94.3
ignorance level MWh 10.0 22.1;10.0 33.0;27.5; | 192.0; 107.0; 182.0; 137.5;
10.0 31.0; 10.0 |81.8; 33.0; 10.0
Average |ACE| w/o reg. MWh/h 37.95
Average ACE w/o reg. MWh/h 21.85
Sum |ACE| w/o reg. MWh 19 315
Sum ACE w/o reg. MWh 11121
Average |ACE| w reg. MWh/h 12.50 9.04 7.71 7.71 7.78
Average ACE w reg. MWh/h 4.42 3.63 2.47 2.73 2.55
Sum |ACE| w reg. MWh 6364 4601 3924 3923 3961
Sum ACE w reg. MWh 2252 1847 1255 1391 1298
| ACE forec. error| @ last act.  MWh/h 10.67 6.34 6.34 6.34 6.34
| ACE| change after reg. MWh/h -25.44 -28.91 -30.24 -30.24 -30.16
Sum |ACE| ch. after reg. MWh -12 950 -14714 -15390 -15392 -15354
Hours in total 509
% of hours w reg. 82.7% 88.0% 85.7% 81.1% 81.1%
% of hours with increased |ACE| 10.4% 5.9% 4.3% 2.9% 2.9%
Ordered bal. energy GWh 16.419 20.490 20.507 17.776 17.915
ordered per hour MWh 32.258 40.255 40.288 34.924 35.196
orders for activation 421 624 658 548 581
Cancelled bal. energy GWh - 1.374 1.113 0.249 0.309
% of ord. en. - 6.7% 5.4% 1.4% 1.7%
cancelled orders - 105 83 17 19
Supplied bal. energy GWh 16.419 19.116 19.394 17.527 17.605
supplied per hour MWh 32.258 37.556 38.102 34.435 34.588
% of ord. en. 100.0% 93.3% 94.6% 98.6% 98.3%
regulation up GWh 3.775 4921 4.764 3.899 3.891
regulation down GWh 12.644 14.195 14.630 13.629 13.714
Overregulated energy GWh 1.735 1.287 1.309 1.068 1.102
% of suppl. en. 10.6% 6.7% 6.7% 6.1% 6.3%
orders causing overreg. 177 183 194 172 166

The stacked chart in Fig. 1.9 allows assessing the efficiency of regulation in terms of the

provided balancing energy and improvement of the ACE. The sum of the ACE after regulation

and provided balancing energy is always more than the ACE without any regulation because of

the ACE uncertainty which sometimes causes redundant orders (leading to the cancellation of

previous balancing orders or overregulation). During the specific period, the most efficient

regulation happens when the max number of activations is 4-5. Then, cancellation is needed
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for only 1.4%—1.7% of the ordered energy respectively (Table 1.1). Also, less balancing energy
is used to reduce the ACE compared to cases with 2-3 activations. This is due to more gradual
and cautious regulation which is possible with a larger number of activations within the ISP.
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Fig. 1.10. Statistics of the absolute ACE forecast error depending on the minute of forecasting
within the ISP of one hour.

Fig. 1.11 presents the frequency distribution of the hourly ACE without and with regulation
applied to the testing subset of July—September 2016 dataset (509 hours in total). The ACE
without regulation (blue bars) is moderately skewed to the right with an average value of
+21.9 MWh/h. This can be explained by the behaviour of balance responsible parties (BRP)
who tend to prefer long rather than short positions because the potential financial risk for ‘short’
prices is inclined to be more extreme than for ‘long’ prices [30]. As a result, the Baltic countries,
in general, sell more energy to the OBP than they buy.

After applying the optimised regulation parameters to the test set of July—September 2016,
the average ACE decreases from +21.9 MWh/h to +2.5 MWh/h (Fig. 1.11, orange bars). Thus,
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the noticeable positive bias of the ACE is almost eliminated. This clearly demonstrates not only
good performance of regulation with the optimised parameters but also the generalisability of
the obtained parameters when applied to the testing data.
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Fig. 1.11. ACE histogram w/o local reg. and w reg. (3 max activations).

Apart from the main results discussed previously, Table 1.1 includes additional data for
evaluation of more granular aspects of power system balancing that are of interest to the TSO
dispatch operators in charge of this process. Ordered balancing energy can be further divided
into actually supplied energy and cancelled energy (i.e., ordered regulations that were later
reduced or cancelled). Obviously, no cancellations are possible in case of 1 max. activation.
The supplied balancing energy tends to grow as the number of max. activations increases from
1 to 3. However, 4 and 5 max. activations require nearly 10% less energy supply than 3 max.
activations. Given the large positive bias of the ACE, several times more downward regulation
1s supplied compared to upward. This is true for all data periods analysed and any number of
activations.

The proportion of regulation energy cancellations varies between 1.4-6.7% of ordered
balancing energy (Table 1.1). The largest amount of cancellations is observed with 2 max.
activations. Analysing the respective regulation parameters, the main reason for larger
cancellations is rather early activations with relatively large regulation volumes. Since, almost
surely, the ACE forecast at early stages is highly inaccurate, activation of large volumes will
definitely result in later cancellations as the ACE forecast reaches more accurate values and
fluctuates less. Therefore, if one desires to reduce the possible cancellations, early activations
should be very restrained and, probably, reserved for only exceptionally large forecasted ACE
values.

A situation when, at the end of hour, the ACE changes its sign due to the regulation, is
distinguished as overregulation and presented in terms of overregulated energy and number of
orders causing that. This proportion of energy varies between 6.1-10.6% of supplied balancing
energy and is generally slightly more than the share of hours where ACE has increased as
compared to that without any regulation.
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1.3.2. Trade-offs between the minimal ACE vs other indicators

Besides minimising the ACE, a TSO is also interested in decreasing the amount of supplied
energy as well as preventing cancellation of the orders or avoiding system overregulation that
would otherwise imply additional costs to transmission system users. Therefore, while the
AOF parameter search algorithm does not guarantee to find the globally optimal regulation
parameters, it is useful to consider the possible trade-offs between minimisation of ACE versus
minimisation of other important regulation indicators as illustrated by the charts in Fig. 1.12—
Fig. 1.15. The results refer to balancing of the weekdays of July—September 2016 with 1 to 5
max. activations according to the regulation parameters optimised with seven different sets of
weights and applying default constraints. By adjusting the weights assigned to the four
components of the multi-objective function (1.2), it is possible to shift the priorities from ACE
minimisation to decreasing the supplied balancing energy or ordered regulation power. The
orange markers in the charts below represent the Pareto front, i.e., the most ‘optimal’ results
of the whole set in terms of a smaller ACE or lesser amount of balancing energy. Markers are
labelled by numbers indicating the selected max number of activations per. By definition, none
of the Pareto-optimal points strictly dominates over any other in terms of both indicators.

While only 1 max. activation evidently ensures the lowest amount of provided balancing
energy per hour (Fig. 1.12), it results in the largest ACE values due to early regulation (minute
35). When aiming to minimise the ACE, the Pareto-optimal results are achieved with 3 (two
instances), 4 (one inst.) or 5 (two inst.) max. activations, though this is not always the case.
However, the points with 2 max. activations are located far away from the Pareto set and
therefore are not efficient.
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Fig. 1.12. Trade-off between minimisation of the ACE and supplied.

If we look at the trade-off between the minimal ACE and the amount of cancelled balancing
energy (Fig. 1.13), the Pareto front again starts with 1 max. activation where it is not possible
to cancel any of the regulation orders and is followed by 3 (three instances), 4 (one inst.) and 5
max. activations (two inst.).

Similarly, we can analyse the trade-off between the ACE versus the overregulated energy
per ISP (Fig. 1.14) or the average ordered power per activation (Fig. 1.15). In contrast to the
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two previous cases, none of the points with 1 max. activation belong to the Pareto set and they
are located much further from it compared to 2 or more max. activations. For overregulated
energy, the efficient solutions are achieved with 4 or 3 (one inst. each) and 5 max. activations
(three inst.), whereas for average ordered power per activation, the Pareto front is formed of
points with only 5 max. activations (four inst.).

To sum up the possible trade-offs, all the charts demonstrate that, besides the Pareto-optimal
results, there are also quite many other points close to the front. As a rule of thumb, the furthest
points mostly represent 1 or 2 max. activations, suggesting that more activations should be
preferred. More so important, the results are largely dependent on the input data used, so they
should not be generalised to any possible time series before testing each particular dataset.
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1.3.3. Cost comparison of regulation energy

Though cost minimisation of balancing services was not at the focus of this study, it is

useful to quantify the economic benefits of common Baltic balancing operations compared to

sole reliance on the neighbouring Russian power system for balancing needs (Table 1.2).

Table 1.2. Estimated cost of regulation energy

Max. number of activations 1 2 3 4 5
(a) Cost of ACE with local regulation (€)
Energy bought @ 100 €/ MWh 205643.77) 13768542 133461.79] 126 568.68| 133 142.01
Surplus sold @ 5 €/MWh -21540.16] -16118.70] —-12948.91| -13285.65| —13148.32
Cost of ACE| 184 103.60| 121 566.72| 120512.88| 113 283.03| 119 993.69
(b) Cost of supplied local regulation energy (€)
Energy bought @ 50 €/ MWh 188 740.31| 246 043.25| 238 190.36] 194939.63| 194 561.59
Surplus sold @ 10 €MWh —126 444.67| —141 952.35| —146 298.99| —136 286.05| —137 142.43
Cost of supplied local energy| 62 295.64| 104 090.90| 91 891.37| 58 653.58| 57419.15
ot e D Lo 246 399.25| 225 657.63| 212 404.26| 171936.61| 177 412.84
regulation (a) + (b)
(c) Cost of ACE without local regulation (€)
Energy bought @ 100 €/MWh 409 669.61
Surplus sold @ 5 €/ MWh —76 089.76
Total c(‘)st without local 333 579.85
regulation (c)
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If we assume that the OBP buys excess energy at 5 € MWh and sells deficit at 100 € MWh
[30], then for the test dataset of 509 hours the cost of fully depending on the OBP (cost of the
ACE without regulation) would be equal to 333.6 thousand € (76.1 thousand € income from
sold energy and 409.7 thousand € expense for purchased energy) (Table 1.2, section (c)).

However, when local balancing energy is ordered in accordance with the optimised
parameters as presented before, the overall costs decrease notably (Table 1.2, section (a) & (b)).
For simplicity’s sake, the prices of local balancing bids are assumed to be always cleared at
50 €/ MWh for upward and 10 €/ MWh for downward regulation and perfect liquidity is implied.
In all cases with local balancing operations, the total imbalance costs diminish by a factor of
1.35 to 1.94 (depending on the selected max. number of activations) compared to the case with
no local regulation. The lowest cost is achieved with 4 and 5 activations (171.9 and 177.4
thousand € respectively). Even with only 1 activation the cost with local regulation is
246.4 thousand € which is significantly lower than without local regulation (333.6 thousand €).

1.4. Summary

The numerical simulations of balancing activations based on the parameters optimised using
historical time series affirmed the generalisability of the results, since in most of the cases the
average absolute ACE was close to the forecast error. Additionally, this confirms improved
ACE forecasting techniques to be a promising avenue for further research as any enhancements
there can be expected to notably improve the efficiency of balancing operations. Furthermore,
as currently the balancing parameter optimisation tool tends to postpone regulation to later part
of the ISP when forecasts are more accurate, perfected early prediction abilities would allow
for more even balancing operations throughout the ISP.

For the dataset considered in this study, 4 and 5 were identified as the maximum number of
activations during the ISP equal to one hour that can provide the most efficient balancing. While
the case with 3 maximum activations did provide a small overall ACE, the aforementioned
cases were superior in terms of the utilised balancing energy and estimated cost.

While our tool can still be expanded to incorporate the merit order of balancing bids, the
initial simplified economic calculations already point to noticeable financial gains from a more
active local balancing in the Baltic power system and decreased reliance on regulation from the
Russian power system, especially with the OBP’s balancing energy pricing policy in place at
the time of the study.

Even disregarding the financial aspects, the evolution of the common Baltic balancing
market is well underway after its launch at the beginning of 2018. Similar trends are ongoing
throughout Europe as the TSOs need to adapt the recently established European Commission
guidelines on electricity balancing and devise their AOFs for more efficient power system
balancing. Thus this study proves to be of significant relevance in the light of the changing
balancing market landscape in Europe. The initial results of this study have informed some of
the decisions of the Baltic TSOs in the development of their common balancing market.
Moreover, this is also important as the Baltic countries strive to desynchronise from the
IPS/UPS by 2025.
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2. MODELLING OF DR-ENABLED ELECTRIC HEATING

2.1. Motivation and background

Dissemination of intermittent renewable energy sources (RES) such as wind, wave and solar
power presents new challenges for the power systems. To reduce the curtailment of renewables
and efficiently accommodate the distributed and variable RES across the power system, energy
storage has become a necessity. Various forms of energy storage include mechanical energy
storage (hydropower, compressed air, flywheel), electrochemical batteries, power to gas
storage, electric and magnetic energy storage (capacitors and supercapacitors, superconducting
materials) and thermal energy storage.

While there are mature and long-known technologies for large-scale energy storage such as
pumped-storage hydropower, which is the most used storage option in the power sector
worldwide, many efforts are devoted to the development of small-scale energy storage
primarily for use in the residential sector. One of such technologies is smart electric thermal
storage with household appliances for space heating and hot water heating [38]. It is a sensible
heat storage system [39] which consumes electricity and is able to store it in the form of thermal
energy for a long time to be used later just when it is needed. Thus the power demand of the
heating system is decoupled from the time of thermal energy end-use by the domestic customer.

Electric thermal storage heaters have been in use for decades especially in countries where
two-tariff electricity pricing is applied to households. Conventional thermal storage heaters had
limited controllability due to relatively low heat retention rate. However, for the newest
generation of smart electric thermal storage (SETS) system, the heat retention rate is
significantly improved, and the recent advances of information and communication
technologies have allowed a significant technological development of the storage heaters. SETS
devices are now equipped with smart control at the aggregate electric power system level while
ensuring that individual household space and water heating end-use requirements are
maintained [38]. It allows to decouple the electricity demand from the expected heat output and
deliver electricity to the SETS virtually at any time while consuming the heat at any other time
when it is needed. Consequently, the whole electricity supply chain, including generation,
transmission, distribution and consumption, can potentially benefit from SETS.

SETS can provide overall societal benefits such as cost savings to the customers and RES
curtailment reduction, whereas the aggregated load can offer a number of services to the power
system such as demand shifting and demand response, ancillary services (frequency response,
reserves provision), congestion management and deferral of capital investments into the
network.

It is estimated that by retrofitting all existing night storage heaters in the EU, SETS could
introduce a controllable load of 55 GW (37 GW for all traditional night storage heaters and
18 GW for hot water) and, consequently, save 7.4 TWh of heating energy per year and avoid
3 million tons of CO» emissions per year compared to conventional storage heaters [40].

While the SETS technology and appliances are in place already [38], the power systems are
not yet in a position to integrate them, and there are various ongoing studies on how to facilitate
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this process. One of the problems to be solved includes co-optimisation of the electricity system
scheduling together with requirements of the electric heating demand [39]. The modelling and
optimisation environment for electrical power systems should endogenously represent the local
small-scale thermal storage devices, including their technical characteristics and thermal energy
end-use requirements.

To assess the potential cost savings to the customers when using SETS with dynamic
pricing under conditions of a liberalised electricity market, the variable electricity prices need
to be considered with appropriate temporal resolution (e.g., hourly resolution for the Nord Pool
day-ahead market prices). Consequently, thermal energy end-use should also be modelled with
an hourly resolution.

This section is focused on modelling the residential heating energy demand. We propose an
approach based on physical experiments and virtual simulations to obtain the equivalent
thermal characteristics of the building which can then be used for modelling the
thermodynamics of the building under different weather conditions.

The approach presented here served as a basis for our further studies involving physical
experiments in different buildings in Latvia to derive their thermal characteristics and heating
energy requirements. The consumption of individual buildings can then be scaled to a national
aggregate level. The aggregated electric load of local small-scale thermal storage will be
integrated into the overall power system models to assess the impact of SETS on power system
planning, unit commitment and dispatch of energy and reserves, distribution network
congestion etc. Main results from this impact assessment are presented in Chapter 3.
Furthermore, the heat demand modelling results have been also used for cost-benefit assessment
of demand response from SETS from the end-user point of view in Chapter 0.

The scientific work presented in Chapters 2 and 3 took place during 2015-2018 as part of
the RealValue project which received funding from the European Union’s Horizon 2020
research and innovation programme under grant agreement No 646116.

2.1.1. Smart electric thermal storage technology

SETS is a decentralised space heating and hot water system with energy storage and up to
20% efficiency gains compared to traditional night storage heaters [38]. It consists of electric
space heating radiators with an insulated thermal mass for storing heat (Fig. 2.1) and a hot water
cylinder (Fig. 2.2).

SETS space heaters contain a highly insulated solid thermal energy storage core of bricks
which enables the conversion of electrical energy into thermal energy for use at a later time
[38]. The heat is released into the room by radiation and convection. Modern dynamic electric
storage heaters are equipped with a fan which blows warm air from the core of the heater into
the room. This allows for a more precise heat distribution control as compared to conventional
static storage heaters without a fan blower [39].
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Fig. 2.1. SETS for space heating [38]. Fig. 2.2. SETS for hot water heating [38].

Recent developments of material and electronic control technologies have enabled storage
heaters to provide the householder with time and temperature control comparable with direct
electric heating technologies. Additionally, these devices can be managed remotely so that they
can be charged flexibly at a time when it best suits the electricity system without jeopardising
householder comfort [38].

The application range of dynamic electric storage heaters with a fan is typically 2—7 kW
with a storage capacity of 16—56 kWh per charge cycle. The application range of static electric
storage heaters is typically 0.75-3 kW with a storage capacity of 824 kWh. The maximum
core temperature is about 700 °C [39].

SETS water cylinders use the same basic principle, except that the energy is stored in water
rather than a solid medium. Both systems share the same communications and control
architecture and can therefore be managed in a unified manner [40].

SETS includes advanced electronic command and control capabilities such as an automated
input control with adaptive learning function to determine how much heat will be needed on a
particular day while accounting for prevailing weather conditions. This daily energy
requirement is calculated using an algorithm based on the residual stored energy, the rate of
change in room temperature after the evening heating period, as well as user-programmed
heating requirements. SETS uses ICT to enable flexible tariff regimes, to support integration of
renewable energy resources at any time, allowing time of use tariff schemes to be integrated
into the operation of SETS [40].

SETS facilitates the decoupling of energy production from energy consumption so that
renewable energy can be converted into heat and offers control over when this heat is released.
This allows low carbon space heating and hot water to be deployed when the end-user desires
it [40].
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2.1.2. Review of building heat demand modelling approaches

Mathematical models for simulating building energy systems and consumption can be either
theoretical or experimental [41]. Theoretical models are described by mathematical equations
derived from physical laws, whereas experimental models are devised empirically by
measuring input and output signals of the system and evaluating the system’s response.

Modelling structure for any energy system consists of three main blocks: input variables,
output variables and the system itself (Fig. 2.3) [41]. While modelling it is necessary to
determine one of these three building blocks when adequate information about the other two
blocks is available. Consequently, the energy models are classified as white-box, black-box or
grey-box models.

Input variables
Regressor or forcing
variables acting on the
energy system

Output variables
Describe the reaction of
the energy system to the

input variables

Controllable
‘ Energy system

modelling structure

Response or

| Uncontrollable dependent

Fig. 2.3. Modelling structure of a building energy system [41].

White-box models are highly accurate and use a forward approach to predict the output
variables based on a detailed structure and parameters of the model subjected to specific input
variables [41]. To employ this approach, it is assumed that all the thermal and geometric
building characteristics are well-known, which is usually the case for building design but is
much more difficult and expensive to obtain for already existing buildings [42].

Black-box models use a data-driven approach to develop the model based on the
knowledge of the input and output data acquired through experiments [41]. Black-box
approaches often employ statistical or machine learning to derive a prediction model from a
database, e.g. actual or forecasted energy consumption of a building [42]. When experimental
data is obtained within the building, it is done either in an intrusive or a non-intrusive manner
[41].

Grey-box or hybrid modelling involves formulating a physical model and identifying
important and aggregated parameters and characteristics by a statistical analysis which requires
a high level of expertise [41]. Whereas black-box models do not need a detailed description of
the building geometry, instead they require a large amount of training data over an exhaustive
period of time. In contrast, for grey-box models, a small amount of data for training is necessary
with a rough description of the building geometry.

As opposite to white-box and grey-box models the results of which can be interpreted in
physical terms, black-box model results can be difficult to interpret in physical terms [42], [43].
However, automatic parameter estimation using a black-box model has a significant advantage
over white-box models in having a small setup cost and little computational effort [44].

In this study, we employ an experimental black-box modelling approach by using the
outdoor temperature and heating consumption of the building as input data and the room
temperature as output data. Based on this data, thermal parameters of the building are obtained
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which are then used to estimate the heating consumption under different weather conditions at
various time scales, e.g., hourly, daily, weekly or yearly.

This approach is also referred to as a data-driven inverse problem whereby the physical
characteristics of a building are acquired given the actual performance data [45]. That is a
classical formulation known as parameter estimation or system identification problem [46]. The
building is considered as a black box the characteristics of which are derived from temperature
measurements and energy consumption data [45]. Mathematically, the thermodynamics of the
building can be described by a differential equation with unknown parameters. Using the
measured values of input and output, the best or optimal estimate of these parameters is
obtained.

A similar approach is implemented in [47], where a model of the space heating and cooling
load is proposed to study its behaviour during cold load pickup after a power outage. The model
is able to capture the thermal characteristics of a house at a thermostat without modelling all
the details of the house. Since a detailed simulation model for the house thermodynamics used
traditionally for the thermal design studies of the building is not practical for modelling a
system-level heating load, the authors have minimised the data and computation requirements
while making maximum use of the available data. Yet, the model is accurate enough for the
study of cold load pickup. The parameters for the model can be obtained very easily through
simple measurements: the authors use only the thermal characteristics as observed at the
thermostat, i.e., the room temperature. A simple model is derived based on the assumption that
the thermostat condenses building thermal characteristics (including the effects of weather
conditions and resident lifestyle) into two variables — on-duration for heating and off-duration
for cooling between to setpoints of the thermostat. The parameters of the model are obtained
through simple experiments by turning the heater off and on for a definite time and measuring
the temperature at the thermostat. Finally, after additional simplifications and approximations,
all the dynamic characteristics of the house are summarised into a single parameter (harmonic
constant), which is independent of weather and internal heat source. To find this constant, only
the on/off-durations are required.

The objective of [47] has been to provide a quantitative method to predict the magnitude
and duration of the overload following an outage. We suggest that a similar approach can be
used to model the various effects on the power system of dissemination of a large amount of
smart electric thermal storage appliances.

2.2. Methodology

2.2.1. Thermal model based on electrical analogy

For modelling thermodynamics of buildings, RC-diagrams are often used based on
electrical analogy where each element of the building can be represented with resistors and
capacitors as lumped parameters [48]-[52]. Such thermal network models have advantages of
simplicity, transparency and low computational effort [49]. Theoretically, the simplest network
might consist of one resistance and one capacitor [45]. However, this is practically and
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physically unrealistic, therefore usually more elements are used. For example, [49]-[51] use
second-order models that describe construction elements by three resistances and two
capacitances. In [51], this reduced-order model is devised from a 20%-order model through
nonlinear constrained optimisation and is given preference over an even simpler first-order
model since the latter showed considerable performance differences from the high-order model,
unlike the second-order model. This approach is further improved in [49] by using a multi-
objective function search algorithm and reporting a large number of results for various
construction elements.

For this study, we devised a simplified thermal network model presented in Fig. 2.4 which
is suitable for inverse modelling to obtain equivalent thermal parameters in a computationally
efficient way. Resistances represent heat transfer by conduction, whereas capacitances stand
for thermal mass which reflects the ability of a material or a combination of materials to store
energy. The model is developed in MATLAB Simscape (Fig. 2.5) which enables creation of
models of physical systems and simulation of their thermal performance using MATLAB
Simulink.

Solar & Outdoor

infiltration temperature

Fig. 2.4. Building thermal network used for inverse modelling.
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Fig. 2.5. Building thermal model in MATLAB Simscape.
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2.2.2. Model parameter estimation

To obtain the equivalent thermal network parameters for each building of interest, first of
all, model parameter identification was performed. Equivalent thermal parameters Ri, R2, Ci
and > (Fig. 2.4) were estimated according to the algorithm shown in Fig. 2.6. Model
parameters were generated randomly employing Monte Carlo sampling and then applied to the
simplified thermal network for simulation. The output of the model (energy consumption) was
compared with measurements of virtual or physical experiments using mean square error as the
error measure. The sampling was repeated for 100" times, where n =4 is the number of
unknown parameters. The parameters which provided the most accurate performance of the
model were saved. This approach involves a partial enumeration with a high accuracy thanks
to the Monte Carlo random sampling, which allows selecting a result close to the global
minimum avoiding local minima. The model with its tuned parameters can then be used for

building heating energy demand modelling at the individual and aggregate level.

TN

([ Begin

AN & !
€=M

i=1

|

Set lower and upper
bounds for n parameters

Generate n random parameters
within the set bounds

A4

Apply the parameters to the
simplified thermal network
model and simulate its output

Y

Compare the simulation results
with the measurements from
experiments (physical or virtual)

)

Calculate the mean square
error of energy consumption, &

/" Save the parameters with /"
the most accurate ;"‘ |
estimation so far and set ‘a\ J;‘

\ new bounds \/

A 4

%

i=i+1

Fig. 2.6. Flowchart for parameter estimation of the thermal network.
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2.2.3. Validation of model performance

The proposed building heat demand modelling approach was validated via virtual and
physical experiments. Virtual experiments involved comparison of the proposed model
simulation results to two more complex models, whereas physical experiments were carried out
in a real residential house allowing to identify its thermal parameters to compare the building’s
actual (measured) and simulated thermal performance.

Virtual experiments

To estimate equivalent building parameters for the model in Fig. 2.4, we performed several
virtual experiments employing a more complicated model represented in Fig. 2.7 to simulate
the thermal dynamics of three different buildings. We should note that, at this stage, we
assumed there are no heat losses and gains from infiltration or solar radiation.

~—cvat—{coutte{cont—cvit—e— | I
§| 11 i|  Air mass
S — WINDOW |
L Heater
I—@—‘HCVHTI—{CDH'#—T—{CDHTHCVHM H<H
Outdoor | 1
temperature I _________ |_ ITM ___________________ ROOF |
A Infiltration
-:—{CVHTI—{CDH#T—{CDHTHCVHTHO—@A
f [ |
e UM WALL |

RHT|——¢—{RHT|—— S&H

Fig. 2.7. The complex thermal network used for virtual experiments?.

For the virtual experiments, we selected three types of buildings with the same geometry,
but different insulation levels (House 1 having the least insulation and House 3 with the best
insulation; all the parameters of buildings are presented in Table 2.1).

First, we used the complex model (Fig. 2.7) to simulate the performance of each building
and obtain its heat demand under different weather conditions. Using the data of outside
temperature, heat demand and room temperature obtained from simulations of the complex
model, we then estimated the equivalent thermal network parameters for the simplified building
model (Fig. 2.4).

2 CVHT - convective heat transfer, CDHT — conductive heat transfer, RHT — radiative heat transfer, TM —
thermal mass.
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Table 2.1. Building parameters for virtual experiments

Parameter Building Construction Element
Walls Windows Roof

Area (m?) 320 6 601
Thickness (m) 0.2 0.01 0.2
gﬁgﬁcgﬁw?(eﬂz. It(r;a)nsfer coefficient with 24 25 12
Convective heat transfer coefficient with 34 3 38
atmosphere (W/(m?-K))

Specific heat capacity (J/(kg-K)) 835 840 835
House 1

Thermal conductivity (W/(m-K)) 0.038 0.78 0.035
Mass (kg) 122 880 162 3845
Density (kg/m?) 1920 2700 32
House 2

Thermal conductivity (W/(m-K)) 0.0038 0.0078 0.0035
Mass (kg) 122 880 243 7680
Density (kg/m?) 1920 4050 64
House 3

Thermal conductivity (W/(m-K)) 0.0019 0.0038 0.00185
Mass (kg) 245 760 486 38450
Density (kg/m?) 3840 8100 320

Fig. 2.8 illustrates the performance errors of the simplified model for House 1 with
estimated parameters at the outside temperature of 0 °C. While there is no energy consumption
error at the outside temperature of 0 °C, the accuracy significantly decreases up to an error of
9% at other outside temperatures which were not used for parameter estimation of the model.

Consequently, we expanded the range of experiments for parameter estimation with more
outside temperatures, namely: —10, -5, 5 and 10 °C. Model performance errors with the
estimated parameters for House 2 and 3 are presented in Fig. 2.9-Fig. 2.11.

As shown in Fig. 2.9-Fig. 2.10, energy consumption errors for House 2 are zero at those
outside temperatures which were used for parameter estimation (circle markers). At other
temperatures (diamond labels) errors tend to increase for longer simulations of energy
consumption (compare Fig. 2.10 for 72 hours versus Fig. 2.9 for 48 hours).

For House 3, errors were zero for energy consumption over 48 hours, while the errors
increased for a simulation of 150 hours (Fig. 2.11). These errors are mostly due to the delay or

advance of the signal representing the thermodynamics of the house in relation to the actual
signal (Fig. 2.12).
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Finally, for validation of our simplified model, we also compared its performance to an
even more complex EnergyPlus-calibrated model. This was possible thanks to our partners
from University College Dublin (namely, Assoc. Prof. Donal P. Finn and PhD William J.N.
Turner) within the RealValue project who provided us building simulation results obtained with
their developed thermal network model. This more complex RC model (Fig. 2.13) is based on
[52] with a few modifications.

The complex model presents one of the residential building archetypes (a mid-floor
apartment) in Ireland initially developed in EnergyPlus simulation platform with a very high
granularity of data [53]. Then, the reduced-order thermal network model (Fig. 2.13) was derived
by calibration based on the detailed EnergyPlus archetype model output. Solar gains and
ventilation losses were calculated based on weather data of one year with an hourly resolution.
The reduced-order RC model is necessary for modelling the aggregated electric load of heaters
with an affordable computational effort to integrate it into power system models and assess the
large-scale impact of smart electric thermal storage.

Using the derived thermal network model, simulations were performed on it at the outside
temperature of 0 °C. Fig. 2.14 shows the indoor air temperature dynamics for a single day. By
using the output of the complex EnergyPlus calibrated model, we estimated the parameters for
the corresponding simplified model (Fig. 2.4) and ran simulations on it at the same outside
temperature. As shown in Fig. 2.14, the simplified model was able to replicate the temperature
dynamics of the complex model with high accuracy. This implies that the simplified model
should also be able to accurately model the heating demand characteristics of the building.

Fig. 2.13. The complex thermal network [52] used for comparison with the simplified model®.

3 Cewo, Cewi — thermal capacitance of the outer and inner portion of the external wall, respectively; Ci, Ciy — thermal
capacitance of the inside zone of the building and the internal wall; /., /i, — cooking and metabolic heat gain; /.,
Is; — solar gain on external and internal building elements; /, — heat exchange through ventilation (with external
environment); Resf, Rge.d — combined thermal resistance of ceiling and floor, glazing and doors; R’cwi, R’ewo — half
of the thermal resistance of the inner and outer portion of the external wall; R’;w — half of the thermal resistance of
the internal wall; R — external surface resistance; Rsiew, Rsiiw — internal surface thermal resistance, external and
internal wall; 7. — external temperature evolution; Xewo, Xewi — temperature of the outer and inner portion of the
external wall; x; — temperature of indoor environment; x; — temperature of the internal wall.
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Fig. 2.14. Comparison of room temperature as per the complex EnergyPlus calibrated model
and the simplified model.

Physical experiments

Additionally, we conducted a physical experiment on a real residential building by
measuring its room temperature and the corresponding outside temperature during heating and
cooling of the building (i.e., with the heater turned on or off). As previously, we used the
measured inside temperature and information on the outside temperature to estimate the thermal
characteristics of the building. Fig. 2.15 shows a comparison of the actual and estimated indoor
temperature during a physical experiment on March 13—16, 2016 when the building was let to
cool for two days and then heated. It can be observed that the derived model exhibits high
accuracy as compared to the experimental data. The mean average percentage error for indoor
temperature estimation was 4.44%.

The results for model validation for the same building (March 17-March 25, 2016) are
presented in Fig. 2.16 allowing to conclude that the overall model performance is good. Until
hour 114 and from hour 138-162, the building was let to cool down, while during the remaining
time (hour 114-138 and 162—-190) it was heated. Each day there was some solar irradiation
which contributed to the heating of the building even with the heating equipment turned off.
This shows the importance of considering solar gains.

The derived model enables us to calculate the heating consumption of the building during
the whole heating season. For example, consumption during the 2015/2016 heating season was
estimated as 86.52 kWh per square meter when solar gains are considered. Without solar gains,
heating consumption is 92.3 kWh per square meter. The heating demand for various types of
buildings will be used to elaborate the national-scale model.
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Fig. 2.15. Physical experiment data of room temperature and the corresponding model
performance (March 13-16, 2016).
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2.2.4. Building thermal performance simulation

Building models with the estimated equivalent thermal parameters were then used to
simulate their thermal performance in MATLAB Simulink (Fig. 2.17). ‘House Thermal
Network’ in Fig. 2.17 stands for the thermal model shown before in Fig. 2.4.

To simulate the thermal performance of each building, we input a heating schedule based
on comfort requirements of the residents comprising a temperature setpoint and an hourly on/off
profile reflecting the periods when heating is or is not required. This type of comfort control
mimics the operation of SETS that were used for trials in Latvia within the RealValue project.
For simulations, different comfort requirements were used based on the end-user type and
building occupancy. The simulation can be run for any period of interest, e.g., 24 hours (one
day) or 8760 hours (one year).

The model simulation then outputs the space heating demand and the indoor temperature as
hourly time series to be used in further modelling efforts.

Setpoint
20 | setpoint )
Heats Environment H_.
Constant
~— Room |:|
—_—
Heater | Heating
profile Results
House Thermal Metwaork
Heater
On/off profile L

| T_indoor Heat_out
To Works pacel ToWorkspace

Fig. 2.17. Model for simulation of building thermal performance in MATLAB Simulink.

2.3. Results and discussion

2.3.1. Space heat demand time series development

Based on the methodology presented before, models for several buildings have been
developed. The validated models were used to estimate the heating demand over a year using
the hourly outdoor temperature and solar radiation. Fig. 2.18 shows the modelled room
temperature and heat demand time series for a detached wooden house of 70 m? in 2016. Given
a setpoint of 20 °C and 20-hour comfort profile daily, the simulated annual heat demand is
11.13 MWh with an average of 159 kWh/m?. The highest heat demand occurs in January (hour
0-744) which coincides with the coldest weather of the year. During the hottest days in summer
the room temperature often exceeds the setpoint of 20 °C, since the cooling system of the
building is not being modelled. Conversely, we can also observe that additional heat is required
a few times in summer when cold weather occurs. The developed model enables calculation of
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hourly heat demand time series with different comfort profiles and occupancy patterns. For
example, the annual heat demand for the same building with 19 °C setpoint and 17-hour
comfort profile is 10.28 MWh (7.6% less than in the previous case).
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Fig. 2.18. Heat demand of a single-family wooden house in 2016 (20-hour comfort profile
daily with 20 °C setpoint).

Heat requirements of industrial buildings have also been modelled, and Fig. 2.19
demonstrates heat demand for a distribution network substation where smart electric thermal
storage (SETS) has been installed for space heating. The setpoint of heating is 14 °C based on
the ambient temperature requirements for the control equipment installed at the substation. This
temperature is to be maintained all the time. The estimated annual heat demand is 6.59 MWh
in 2016 with an average of 67 kWh/m?.
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Fig. 2.19. Heat demand of a substation in 2016 (24-hour comfort profile with 14 °C setpoint).

2.3.2. Representation of heat demand in power system models

Using the experimental data measured in different houses, it is possible to derive thermal
characteristics for various types of buildings. Thus, we are able to calculate the heating demand
of representative individual buildings and extrapolate it to a national scale to further assess the
impact of a large amount of smart electric thermal storage appliances on the power system. The
heat demand obtained from thermal modelling is then incorporated into distribution grid and
power system models presented in Chapter 3 where the impact of large-scale SETS deployment
on the distribution grid and power system operation in Latvia is assessed. The derived heat
demand is primarily included in the distribution network model for congestion management
(Section 3.2). Namely, for each end-user of the representative distribution feeder, a heat demand
profile is assigned based on the user type and occupancy profile. The heat demand is then
translated into electricity consumption which forms an additional load, which is a supplement
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to the existing base load. This is motivated by the fact that electrical heating is currently barely
used in Latvia. As a next step, this load is distributed across the day based on different
objectives as described in Section 3.2.6 (e.g. load variance minimisation, minimisation of
energy cost or minimisation of cost of losses). This enables computing the power flow for the
representative distribution feeder and obtaining the load at the low-voltage side of the
330/110 kV transformer. For power system modelling at the national scale (Section 3.3)
however, the hourly load of the transformer obtained from the distribution grid modelling is
upscaled based on the assumptions and scenarios regarding the total base load in Latvia in the
selected years of study (2020, 2030 and 2050).

2.4. Summary

A simplified thermal network based on electrical analogy developed using data on indoor
and outdoor temperature, solar irradiation and heat consumption. Equivalent thermal
parameters of the simplified model were obtained through inverse black-box modelling. For
validation of the method, virtual and physical experiments were conducted, and performance
of the simplified thermal network model was compared to two more complex RC models
(including the EnergyPlus calibrated RC model developed by the RealValue consortium
members at UCD) and measurements in an existing building. It was concluded that the
simplified and computationally efficient model was able to replicate the thermal dynamics of
the complex models and the building with sufficient accuracy (for example, the mean absolute
temperature difference as estimated with the simplified model vs the complex RC model
developed by UCD was 0.24 °C, and for the experimentally measured vs modelled temperature
for an existing building it was 0.84 °C). Thus, the derived heat demand can be used for further
modelling of SETS impact on different power system operation aspects. The selected inverse
modelling method is also motivated by the limited data availability on the Latvian building
stock and its future forecasts and to benefit from real-world operational data obtained through
the physical trials of SETS in Latvia within the RealValue project.

Different types of buildings were modelled through physical experiments or using data
collected by the aggregator from the RealValue project trial sites. During the physical
experiments, the heating equipment was switched off for several hours and consequently turned
back on to obtain the cooling and heating curve for the building. Meanwhile, indoor and outdoor
temperature, heat consumption and solar radiation measurements were taken either on-site or
from the national meteorology centre (LEGMC, 2017). Part of the data was used for model
identification, while the rest was employed for verification. Simulations were performed with
MATLAB Simulink and Simscape.

Consequently, the developed building models are used to estimate the hourly heat demand
over the year depending on the outdoor temperature and solar irradiation for different types of
buildings. Based on the type of building or end-user, different occupancy profiles and comfort
settings (i.e. heating schedule and setpoints) are assigned to it and accounted for when
estimating the heat demand, thus capturing different consumption patterns of thermal energy.
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3. VALUE ESTIMATION OF SETS AS A
DR-ENABLED RESOURCE

3.1. Motivation and background

While smart electric thermal storage (SETS)* being an advanced and DR-enabled
technology, could potentially bring significant advantages to the power system, it does not come
without a cost, such as an increase of electric consumption (if SETS is to replace other types of
heating sources) and changes of the load curve possibly contributing to grid congestion risks
and increase of grid losses, increased bills for electricity etc. It has been identified that a major
challenge for flexible demand response is the lack of understanding of its potential benefits due
to a lack of methodologies for the quantification of costs and benefits [54]. Therefore, this
section presents the methodology we developed for an overall cost-benefit assessment of SETS
impact on the power system operation until 2050. For the study, we use various EU and
national-level future scenarios and updated models simulating different aspects of power
system operation developed in the Institute of Power Engineering of RTU to assess the benefits
SETS might bring from two perspectives, the power system at large and, on a smaller scale, a
representative distribution feeder network which also enables capturing cost-saving benefits
individual households might experience. This study was performed during 2015-2018 within
the RealValue project and is based on the Latvian power system, including the electricity
market, characteristics at that time. The results of the study served as input to several RealValue
deliverables approved by the European Commission.

The analysis of SETS impact is implemented by envisioning partial electrification of
heating supply in Latvia at various penetration levels. In the baseline, the heating
electrification is carried out with direct resistive heating (DRH) devices having no energy
storage abilities or smart control whatsoever. The study is conducted for years 2020, 2030 and
2050, although most of the focus is put on 2030 since the 2020 is too soon for any major
breakthroughs in SETS adoption in Latvia to actually take place, whereas 2050 is too far in the
future for the conclusions drawn to have high reliability.

The approach chosen for the impact assessment of SETS on the Latvian power system is
motivated by the heating technologies currently used in the residential sector and the data that
is available for heat demand modelling at the national scale. As indicated in [55], 69% of the
Latvian population or 64% of all dwellings are served by central heating (it comprises mainly
district heating in cities and some local central heating). The second most common type of
heating is stove or fireplace heating used by 29% of the population and in 32% of all dwellings.
These results closely correlate with the share of multi-apartment buildings and detached houses
in the housing stock since district heating is the most popular type of heating in apartments, but
stoves and fireplaces are mostly used in rural individual houses. Unfortunately, central heating
is not further detailed in the available statistics and thus it includes both district heating and
local central heating. Local central heating, in general, can be used in detached buildings and

4 For more details on SETS operation refer to section 2.1.1.
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multi-apartment buildings alike. Only 3—4% of dwellings use other types of heating (including
electric) as the main heating source. The Central Statistical Bureau of Latvia does not provide
a further breakdown for the other types; however, it can be concluded that the share of electric
heating in Latvia is negligible. Moreover, electric thermal storage heating is not used almost at
all. Nevertheless, 26.7% of dwellings use electric water heaters. As a result, for the purposes of
assessment of SETS impact on the Latvian power system, SETS equipment for space heating
is modelled as an additional electric load rather than a replacement of existing electric heating
appliances. The objective is to estimate the impact of partial heating electrification on the
Latvian power system in various scenarios and by different technologies (e.g., SETS and direct
resistive heaters) for the selected years of study (2020, 2030 and 2050).

Regarding data availability for heat demand modelling, there is a limited amount of
information on detailed thermal characteristics of buildings in Latvia and their classification
based on the actual building thermal performance that could be used for devising accurate
building archetypes and upscaling them to the national level. Besides, it was found that there
are no forecasts available on the future housing stock. Given the unavailability of data to be
used for the secondary research and since carrying out such study as a primary research effort
within the RealValue project was out of scope for the Latvian case study, a data-driven approach
was selected for thermal modelling of buildings as already introduced in Chapter 2. Moreover,
the choice of methodology was also motivated by the physical demonstration of SETS in
50 trial objects in Latvia managed by RTU during which it was planned to obtain detailed
operational data of the installed heating equipment via the aggregator employed for the
RealValue trials. The available data from the aggregator includes comfort requirements of end-
users, heat consumption, room temperature etc. The derived heat demand was then translated
into electric consumption of SETS to be used as input for power system modelling.

3.2. Modelling of SETS impact on the distribution grid

3.2.1. Introduction

The Latvian distribution system is operated almost exclusively by a single operator, Sadales
tikls AS. The distribution grid comprises 110/20/10/6 kV and 20/10/6/0.4 kV transformer
substations and lines of voltage levels 20 kV, 10 kV, 6 kV, 1 kV and 0.4 kV. The overall length
of distribution lines is about 94 000 km [56], of which 70% are overhead power lines (0.4 kV:
37500 km; 20 kV: 29200 km) and 23% are 0.4 kV aerial cable lines (21 500 km). There are
only 6500 km of 20/10/6 kV underground cable lines.

The total amount of energy demand in 2016 was 6465 GWh, of which about 25% was
consumed by residential customers and the rest by the commercial and industrial sectors.
Distribution losses amounted to 4.6% in 2016 [56]. The total capacity of the Latvian distribution
network is 5892 MVA. These statistics allow evaluating the overall utilisation efficiency of the
grid which is equal to 13%, indicating a relatively low usage.

The grid is widely spread across the country and highly branched with a relatively large
number of distant customers that contribute to low overall usage efficiency. However, due to
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the socio-economic trends, the largest share of the load is concentrated in cities, and
urbanisation is continuing. Lately, a lot of efforts and investments have been devoted to
improving reliability by reconstructing old lines and substations and enforcing automation of
the network. The national roll-out of smart meters which has been ongoing since 2014 is to be
completed by 2022. It is carried out by the distribution system operator (DSO) that installs the
meters for all customers free of charge.

Given that electric heating is not currently widespread in Latvia [55], for distribution
modelling to assess the impacts of SETS, partial electrification of heating is assumed and the
power flow study is carried out based on the existing electric load (base load) supplemented by
the additional heating load. The modelled impact of smart electric thermal storage (SETS)
devices is compared to that of direct resistive heaters. This enables assessing the implications
of heating electrification in general and that of the studied technologies in particular.

As another possibly competitive technology that can provide storage, residential
electrochemical batteries are studied. It is assumed that the batteries are installed at the
customer’s site and thus provide load shifting possibilities, e.g. by storing cheap energy for later
usage and reducing peak load. Usage of local battery storage along with direct resistive heaters
is also examined.

Since heat demand accounts for a large share of overall energy requirements in Latvia (it
being located in the Northern part of Europe and having a long heating season of about
200 days), it is important to evaluate how heating electrification might impact the power
system, including the distribution grid, in terms of system peak load, losses, voltage and system
load factor. To mitigate possible issues, different congestion management strategies are
examined in this study.

3.2.2. Approach overview

The case study for the Latvian distribution grid, having a negligible share of electric heating,
is designed to examine how partial heating electrification with varying penetration of SETS
might impact the distribution network by comparing it to electric resistance heating without
storage (conventional electric heating). While SETS converts electrical energy and stores it in
the form of heat for later use, electrochemical batteries are analysed as another possibly
competitive technology that is able to provide local small-scale storage.

The congestion management study is implemented to investigate different strategies of
SETS control in order to accommodate the additional new load (electrified heating) within the
existing distribution grid. The current base load of customers is used as one of the main input
variables, whereas the additional electrical load (e.g., from SETS or batteries) is scheduled
based on different objectives subjected to the network constraints and end-user comfort
requirements.

The assessment is done through simulations of the electric load based on a large database
of end-user loads from which a number of end-users are randomly chosen. Several heating
control strategies are examined, and a simplified radial distribution network topology is
modelled which allows drawing general conclusions on the potential impact of SETS. When
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designing an actual network, the same modelling approach can be applied considering the
specific topology and parameters of the grid and end-user characteristics.

The potential benefits and issues that might arise as a result of heating electrification with
or without heat storage have been quantified and evaluated using several indicators, such as
grid reinforcement needs, peak load, cost of distribution losses, and cost of electricity for
heating.

3.2.3. Power flow

Balanced three-phase power flow calculation is carried out, starting with customer loads at
the end of each 0.4 kV line and moving upwards the distribution system, up to the 110 kV
transmission line and eventually obtaining the load of 330/110 kV transformer (Fig. 3.1). The
power flow represents the energy flow per unit time. Within this case study, an hourly time step
is used for all the calculations.

Distribution losses (0.4, 20 kV) are composed of line losses and transformer losses, whereas
for the transmission part (110 kV) only line losses are calculated since the 330/110 kV
transformer is not modelled.

Line losses due to the flow of active power (kW) and reactive power (kvar) are expressed

as follows:
(Pljad + Qlf)ad )
Rossesline :m'RO’T'Za (31)
line
(})ljad + Qliad )
Qlosses line — m . XO -l ) (32)

line
where P, and Q,_, —active (kW) and reactive (kvar) power consumed at the end of the line;

U,,. — voltage at the beginning of the line (0.42 kV for 0.4 kV feeders, 22 kV for 20 kV

line and 120 kV for 110 kV line);
X, —inductive reactance per unit of length of the line ((2/km);

[ —line length (km);
R,; =R, [1 +a-(T— 20)] — line resistance (€/km), adjusted based on the temperature;
R, — conductor reference resistance at 20 °C (Q/km);

T — ambient temperature (°C);
a — temperature coefficient of resistance (°C™!).
110/20 kV and 20/0.4 kV transformer load (active and reactive power output at the low-
voltage side of the transformer) is calculated by adding line losses and load at the end of the
line for all lines (feeders) outgoing from the transformer:

Rr.load = z Eine = z (Bosses line +P10ad) > (33)

all feeders all feeders
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Qtr.load = z Qline = z (Qlosses line +Qload)’ (3.4)

all feeders all feeders

where P,

line

and Q, . —active (kW) and reactive (kvar) power flow at the beginning of the line.

For the 110 kV voltage level, power flow calculation at the beginning of the line (i.e., the
load of the 330/110 kV transformer) is slightly different from the lower voltage levels:

B,

line,110

Qline,l 10 = Qlosses line + Q]oad - AQC l 4 (36)

=F

losses line

+Pload+AP l s (35)

cor

where AP, and AQ, — corona losses (kW/km) and the reactive power injected due to the

transmission line capacitance (kvar/km), respectively.
Active power losses of the transformer:

P

losses tr.

=AP,

tr. no-loa

d'”n.*‘i'AP ( r.Joad Qtrload) ’ (3.7)

tr. load 2
S

tr. tr.rated

where AP

tr. no-load

AP,

tr. load
S,

tr.rated

—no-load (core) losses of the transformer (kW);
— load (winding) losses of the transformer (kW);
— rated power of transformer (kVA);

n. —number of transformers installed at the substation.

tr.

Reactive power losses of the transformer:

S

1 Q

_ trrated lr tr load tr.load

Qlosses tr. ntr. -1 no-load % + Y short-circ.% 2 (3 8)
100 n, S

tr.rated

where [, ... —the percentage no-load current of the transformer (%);

U

short-circ.%

— the percentage short-circuit voltage (%).

Active and reactive input power of the transformer is calculated by adding the transformer
load and losses:

Ptr.input = Plr load + Rosses tr. % (39)
Qtrinput = Qtr,load + Qlosses tr. * (3 . 10)
Finally, we can summarise all active power flows to obtain the active load of 330/110 kV
transformer:
1)330/110 trload — hne 10 — Z losses hne Z losses tr. cor l + Rotal base + I)total heat ° (3 . 1 1)
all lines all transf.
where P ... and P, ... — total base load of end-users excluding electric heating (kW) and

the total heating demand of end-users (kW) that is supplied by electric heating devices,
respectively.
Similarly, the reactive load of the 330/110 kV transformer is
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Q330/I 10trload — Qline,] 10— z Qlosses line + Z Qlosses tr. _AQC ’ l + Qtotal base + Qtotal heat * (3 12)

all lines all transf.
Thus, the total load of end-users comprises the base and the heating load:

P

total load

P

total base

+P

total heat >

(3.13)

Line current (A):

=S VBt O (3.14)
e Uline \/g Uline \/g

Voltage deviation (voltage drop at the end of each line) is calculated based on the active

and reactive power flow at the beginning of the line:

P . +0. X )1
5U:( line ROTU the 0) , (315)

line

05U

SU,, -100%. (3.16)

rated

where 6U — voltage deviation (kV);
oU,, —relative voltage drop (%).

3.2.4. SETS devices

SETS device for space heating is modelled with its rated parameters: input power for

charging, P, (kW), storage capacity, £ (kWh), and input/output power for boost, £, ., (kW),

00St
which provides immediate additional heating if enough heat has not been stored. That can occur
during cold spells when the daily required heat demand cannot be stored by SETS because of
their limited storage capacity. The efficiency of SETS is assumed to be equal to 1, given that
all the dissipated heat from the device is still used for space heating.

The specific SETS characteristics used in the study are based on the Quantum QM100
model with 2.2 kW input rating and 15.4 kWh storage capacity [57]. SETS are installed based
on an average specific capacity of 150 W per 1 m? of electrically heated floor space obtained
from specifications [58] and deemed most appropriate for the Latvian case study, which
translates to 1.05 kWh/m? of energy storage.

The required hourly heat demand, B, (kWh/h), is obtained from building models. Then

eat req.

for distribution grid modelling purposes, the total daily heat consumption is obtained by adding
the hourly values:

Rotal heat — Z R\eat req. * (317)

all hours

The hourly consumption of electrical energy for charging of SETS and boost is then
obtained through day-ahead optimisation based on different objectives (see Section 3.2.6), so
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that the total energy stored plus the energy provided by boost is no less than required. The boost
element is switched on only if the daily heat demand is larger than the storage capacity of the
device. It is assumed that the optimised charging schedule is able to satisfy the comfort
requirements of users, given that SETS are usually charged over the night while heat is typically
required during the day.

3.2.5. Competing technologies

Resistive heater

The direct resistive heater is modelled as a device the heat output of which coincides with
power consumption from the grid. Additionally, the hourly heat output is equal to the heat
demand derived from building models. Consequently, the total daily heat demand is the same
as for SETS. The installed capacity of resistive heaters is assumed equal to that of SETS for
comparability purposes between both types of equipment. Thus, resistive heaters alone form a
set of uncontrollable load as opposed to SETS, the charging of which can be controlled based
on different objectives. However, the operation of resistive heaters together with batteries is
also studied. In that case, some load shifting may be possible depending on the operation of
batteries as discussed later.

Battery

The main difference between batteries and SETS lies in their purpose of use and
capabilities. The SETS devices decouple electricity consumption for heating from the actual
heating demand only and provide the ability to charge based on external signals. In contrast,
the batteries provide load shifting options to the residence in general, not constrained solely to
heating appliances. Given sufficient control by the aggregator for instance, however, the battery
operational strategy can also be optimised based on external signals, e.g., electricity hourly
price.

The battery energy storage system (BESS) is modelled with its rated parameters: maximum

input/output power, Py (kW), energy capacity, Cg.s (kWh), and round-trip efficiency,
Meess- As a full discharge of batteries i1s not recommended in order to prevent their quick
deterioration, depth of discharge (DOD) and maximum discharge time (D__) can be

max

constrained such that

DOD = Eyrss — Biess-d — d (3.18)
CBESS P];TI;ZXS "D, max D max

where E, . —energy discharged from the storage system (kWh);
d — discharge time [59].
As the overarching modelling is implemented with an hourly resolution, the same time step
is applied for batteries.
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The battery is not modelled based on a particular product available to consumers but is
rather stylised instead. The battery is assumed to be Li-ion with a 90% DoD limit and a round-
trip efficiency of 0.9.

3.2.6. Objective functions

To assess distribution grid performance and load characteristics with different congestion
management strategies, several objectives are considered for an optimal charge and discharge
strategy of SETS and BESS. The results of optimisation will also be used as input for the overall
power system benefit assessment introduced in Section 3.3.

The three SETS control strategies analysed are:

(1) load factor maximisation;
(2) heating cost minimisation;
(3) cost of losses minimisation.

An additional comparison is made with a battery energy storage system operating in
coordination with direct resistive heating for the added benefits of heating cost reduction for
electrically-heated end-users.

Load variance minimisation

To minimise load variance or to level out the daily load profile, the following objective is
formulated for the operation of SETS space heaters and water cylinders to be solved for each
day separately:

1< 2 ,
ﬁ=;;[(a;se+ﬁfem)—lzvg] — min, (3.19)
where T — optimisation horizon;
t — time step (one hour);

P! . —the given power consumed by the base load during hour ¢ (kWh/h);

base

13
Pheat

— the hourly power to be optimised consumed by heating equipment;
P,,, — the hourly average power consumption comprising the base load and heating,
averaged over 24 hours of the day.

For the hourly consumption of heating equipment, it is assumed that a fraction of all devices

is being charged each hour so that it adds up to the total heat demand per day:
T
Z Phteat = Ptotal heat * (320)
t=1

Additionally, the hourly charging power of SETS is constrained by the total installed
capacity:

0<P <

heat — * input

VteT. (3.21)

Note that the daily average power
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1 T . . 1 T
Pavg - ? Z(Pbasc + Rlcat ) = F (; Pb[asc + Ptotal heat j b (322)

t=1

where P, —the base load, derived from the end-user database;
P ... — the total daily heat demand provided by the building models.
Thus, P, is a constant for each day.

ave

The optimisation problem is subjected to SETS parameters and heating requirements.
Additionally, the total load is constrained by the rated transformer loading, the line current is
constrained based on the thermal ratings of the line and the voltage deviation is constrained by
the allowable limits in Latvia: +10/-15% [60].

As has been shown by [61], minimising load variance can be equivalent to minimising
feeder energy losses, which is exactly true if the feeder is a single branch with all loads
connected at the end of the line. Moreover, it follows from the findings of [61] that minimising
load variance is equivalent to maximising load factor for a large penetration of the additional
load from heating when peak loads exceeding the base load are unavoidable. Thus, for larger
penetrations of electric heating, this objective can be replaced by load factor maximisation
which leads to a linear objective function.

Both for this and the following optimisation problems, different levels of heating
electrification were considered (i.e., 5, 10, 20%). Furthermore, where relevant, we use the same
scenario assumptions as detailed in Section 3.3.2 and Table 3.6, namely for the future
projections of electricity prices and demand development trends over time.

In the case of BESS, it is used together with direct resistive heating at the same penetration
level as SETS and with the same installed capacity and input power for charging as SETS. For
comparability purposes, the batteries are limited to only cover electric heating demand supplied
by DRH with no ability to affect the other components of consumer’s electric demand and no
option to feed power back to the grid. Accordingly, self-consumption operation mode was
assumed for BESS. For optimal operation strategy of BESS based on load variance
minimisation, the following objective is formulated:

1< 2 )
fs= 7 2| (P Bl + Pagss) = Pog | > min, (3.23)

t=1

and P

heat

where P’

base

during hour ¢ (kWh/h);

Py — the optimisation variable having a positive or negative value representing the

— the active power consumed by the base load and by resistive heaters

actual charging or discharge power of BESS during hour ¢ (kWh/h), subjected to its
maximum power rating.
Now, P

avg

load, the heating load and BESS:

is the hourly average power consumption from the grid composed of the base

+ P!

1 T
P = ?Z(Pbtase +h, BESS) . (3.24)

avg heat
t=1
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The power of BESS is constrained by its maximum input/output rating:

—_P™ <Pl <P™  VteT, (3.25)

BESS — © BESS — ~ BESS

and the hourly charging and discharging power values of BESS over the day sum up to zero,
meaning that all the energy charged needs to be consumed during the same day:

P;Fjgrsge “Tlgess + PBdli:Sscgarge =0; (3.26)
) T
Fpss = Z])BIESS for Pipes > 0; (3.27)
P
disch S
Byrss ™ = ) Baggs for P <0. (3.28)
o0

t

Obviously, the total stored energy at any moment must not exceed the energy capacity of
BESS:

D Pirss < Cypss for VT =[1,24]. (3.29)

Minimisation of energy cost

To minimise the cost of heating for customers, the following objective is solved for optimal
SETS charging each day:

T
fi= B -¢'-h—min, (3.30)
t=1

where ¢’ — the electricity market price (€/kWh) which is the time-variable component of the
final price the customer pays;
h — time step, equal to one hour;

P!, —the optimisation variable subject to:
T
Z filteat = Ptotal heat * (3 3 1)
t=1
0<PFE < o VEET. (3.32)

For the case of BESS, energy cost minimisation function for the end-users is as follows:

f4 zi(bease+])hleat+PBlEss)’ct'h_)min, (333)

t=1

where P, — the optimisation variable subject to the same constraints as for the objective

function f, before.
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A positive value of By, represents charging of BESS and adds to the cost, while a negative

value of P!

ress for discharging reduces the cost of energy during the hour ¢, since less energy

is drawn from the grid than without BESS.

Minimisation of cost of losses

Similarly, as for the cost of heating for end-users, the cost of distribution losses can be
minimised assuming that the distribution operator pays for losses to the transmission operator
based on the total amount of lost energy multiplied by the market price, ¢'.

For comparison, power flow with and without heating electrification is being calculated to
compare losses and other indicators, such as load factor and cost, in both cases.

3.2.7. Representative feeders

A simplified radial distribution network topology (Fig. 3.1) is modelled to draw general
conclusions on the potential impact of SETS and compare that to other possibly competing
technologies. When designing an actual network, the same modelling approach can be applied
considering the specific topology of the grid and end-user characteristics.

Main components of the modelled network are as follows:

e 110kV line;

e 110/20 kV transformer;

e 20kV feeders;

e 20/0.4 kV transformers;

e (.4 kV feeder lines;

e end-user loads.

The representative feeder network part presented in the assessment results consists of 9
0.4 kV feeder lines and a total of 402 end-users (both detached dwellings and apartments,
business and public buildings) as shown in Fig. 3.1. The list of consumers considered can be
found in Appendix 4, Table A4.7. The non-heating electrical load for the different consumer
types is obtained from a previously summarised anonymised data library [62] and scaled
according to scenario assumptions. Unlike all other input time series used in the Latvian case
study, this hourly data was collected in 2012.

Particular attention has been drawn to the representation of the end-user load. Real-world
historical data is used to model the base load which characterises common types of end-users
in Latvia (for an example see Fig. 3.2). This data has been collected from smart meter
measurements of end-user consumption with an hourly resolution for the whole year of 2012
and includes several types of end-users, such as multi-apartment buildings, detached buildings,
commercial and industrial customers, public buildings etc. [63]. A random number of different
types of end-users has been selected and assigned to each of the nine feeders (Fig. 3.1) to form
the total electrical base load.

For power flow calculations, common parameters of lines and transformers representative
of the Latvian distribution system have been chosen.
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Some important assumptions made within this study which may not exactly align with the
real world are stated below.

e Whereas detailed hourly comfort requirements and heating schedules are accounted for
within the building models, for SETS operation within the distribution grid the hourly heat
demands are translated into a daily total consumption. An assumption is made that comfort
requirements will still be met since SETS are mostly charged during the night with all the
studied control strategies, while the largest heat demand typically occurs later during the
day.

e Based on data availability, electrical loads of end-users from the year 2012 are used to
simulate the base load. However, for the evaluation of SETS potential other years need to
be studied. Therefore, the load time series of 2012 is to be aligned with the other input data
(ambient temperature, electricity prices) by time-shifting it as necessary, so that, e.g.
weekdays and holidays are matched between the time series, given that electric loads exhibit
high time-dependence. Additionally, for modelling of future scenarios, the load data is
scaled based on assumptions on future trends.

3.2.8. Results and discussion

The results from the representative feeder network modelling for the Latvian case study
comprise various metrics across the scenarios, heating electrification and SETS scheduling
strategies analysed. The total number of combinations modelled is equal to 216 = 6 scenarios x
3 study years x 3 heating electrification levels x 4 (3 SETS strategies and reference DRH).
However, only select results will be presented in this section to maintain readability. The other
results will nevertheless inform the overall conclusions.

Firstly, let us consider the grid reinforcement needs caused/prevented by the various SETS
strategies and the conventional direct resistive heating in Table 3.1. In this section, the focus is
put on the study years 2020 and 2030.

The numbers in columns labelled ‘Feeders w/ line reinf.’ refer to the percentage of feeders
that require line reinforcement due to the added electrical heating load. In the model, the
assumed wire is currently AS-35, aluminium steel reinforced conductor with 35 mm? cross-
section. The other columns labelled ‘Transf. reinf. needed’ show a binary (0/1) on whether the
20/0.4 kV and 110/20 kV transformers in the network need upgrades due to the added electric
heating load.

We can easily see that direct resistive heaters do not overload the transformers but cause
some issues with line thermal ratings at high heating electrification levels. The SETS (1)
charging strategy (load factor maximisation) alleviates almost all of these problems except in
two of the displayed scenarios. Charging strategy (3) and, more so, strategy (2), however, cause
additional issues in the grid due to excessive peaks. On the other hand, the reference heating
electrification case (DRH) does not actually require many new investments in the grid. This
signifies the historically oversized grids with low utilisation efficiency which, indeed, is
generally the case in Latvia [64].
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Table 3.1. Grid reinforcement needs in the representative feeder network in selected scenarios

Scenario SETS — (1) SETS — (2) SETS - (3)
load factor max. heating cost min. losses cost min.

Feeders  Transf. Feeders Transf. Feeders Transf. Feeders Transf.
w/ line reinf. w/ line reinf. w/ line reinf. w/ line reinf.
reinf. needed  reinf. needed  reinf. needed  reinf. needed
(%) (0/1) (%) (0/1) (%) (1/0) (%) (1/0)
2020 Base 2% 0% 0 0% 0 0% 0 0% 0
2020 DSM_2% 0% 0 0% 0 0% 0 0% 0
2020_Base 10% 0% 0 0% 0 44% 0 44% 0
2020 DSM_10% 0% 0 0% 0 33% 0 0% 0
2020 _Base 20% 33% 0 11% 0 67% 1 67% 1
2020_DSM_20%  33% 0 0% 0 67% 1 44% 0
2030_Base 2% 0% 0 0% 0 0% 0 0% 0
2030 DSM 2% 0% 0 0% 0 67% 1 0% 0
2030 Base 10% 22% 0 0% 0 56% 1 44% 0
2030_DSM_10% 0% 0 0% 0 44% 0 0% 0
2030_Base 20%  33% 0 11% 0 67% 1 67% 1
2030 DSM _20%  33% 0 0% 0 67% 1 44% 0

Table 3.2 summarises some noteworthy results from the Base scenario for the year 2020.
The load factor maximisation strategy as a coordinated control of SETS seems to be the most
overall beneficial in terms of trade-offs to the distribution grid operator and end-users because
it provides significant peak load reductions, somewhat reasonable decreases in the electricity
bills (for electrified heating) and also decreased cost of energy losses in the distribution grid.

The heating and losses cost reductions are expressed in terms of € per dwelling heated by
SETS, but there were also some public and business buildings in the representative feeder setup
that can be electrically heated, so the reader should be advised the term ‘dwelling’ here refers
not only to households.

Table 3.2. Impact of SETS charging strategies on the grid losses and heating costs,
Base scenario, 2020

Heating SETS - (1) SETS - (2) SETS — (3)
strategy load factor max. heating cost min. losses cost min.
Heating| —,, 10%  20% 2% 10%  20% 2% 10%  20%
electrification
Peak load
reduction (kwy| 11! 46.6 1783 | 276 2677 513 121 —1442 4556
%| 1.94 753 2191 | -4.84 4325 —63.05 | 212 2330 -55.99
Costofheating| ¢/ o6 1966 1366 121.58 11445 9894  82.64
decrease (€/dw.)
% 16.80  7.70 4.85 31.59 2973 2570 21.47
Costof losses| ¢ 5 5.57 5.13 11.95 552 263 | 13.00 1059  10.15
decrease (€/dw.)
% 3276 1699 1324 | 4256 16.84 679 | 4632 3229 2620
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Also, it is crucial to point out that only the energy component of end-consumer electricity
bills is considered here, which constitutes roughly 20-30% of the final bill in Latvia [65].
Renewables levies, taxes, transmission and distribution tariffs comprise the remaining part.

The second charging strategy (heating cost min.) is not a coordinated control, at least not
in the sense that the SETS devices in the different houses affect each other’s operation. The
control in SETS — (2) strategy is solely price-based. As a consequence, all the devices strive to
charge when the price is the lowest, resulting in vastly increased peak loads (which are now
shifted in time). Since the scope of the distribution grid model is limited to one representative
feeder network, it was assumed the operation of SETS within this network could not affect the
overall electricity price in the system.

The third charging strategy, cost of losses (incurred by the DSO) minimisation, also results
in increased peak load in 10% and 20% heating electrification scenarios. In retrospect, the SETS
— (3) strategy could have been augmented with constraints on permissible peak load increase.

The following Table 3.3, Table 3.4 and Table 3.5 dwells deeper in some other scenarios,
particularly the Demand-side measures (DSM) scenario for 2020 and, correspondingly, the
Base and DSM scenarios for 2030. The DSM scenario shows an improved ability of SETS to
decrease the peak load in the representative feeder network. However, this is likely due to the
way the scenario is implemented. The reference electric heating (direct resistive) is not
subjected to any demand-side measures, rather it is added to a system where the rest of electric
load has already been smoothened. As a result, the DRH use causes quite pronounced peaks
which the SETS can then reduce. The monetary savings, however, are more than halved. For
instance, in the Base scenario (Table 3.2) SETS can reduce the electric heating costs in
dwellings by 31.59% (cost reduction strategy), while in the DSM scenario they are decreased
only by 16.04% (Table 3.3). The same differences between the Base and DSM scenario can be
observed in the 2030 case (Table 3.4 and Table 3.5). Compared to the 2020 scenarios however,
2030 shows improved benefits from SETS in almost all metrics. Realistically, the 2030 study
1s more relevant to Latvia, as 2020 is too soon for any noteworthy SETS introduction to take
place in Latvia.

Table 3.3. Impact of SETS charging strategies on the grid losses and heating costs,
DSM scen., 2020

Heating SETS - (1) SETS - (2) SETS — (3)
strategy load factor max. heating cost min. losses cost min.

Heating| 10% 20% 2% 10% 20% 2% 10% 20%
electrification
Peak load

reduction (kw)| 10 89.1 1882 | —438 2565 5008 | 12.1 648  -359

%| 2.52 1625 2334 | —10.12 -46.78 —62.10 | 2.80 -11.82 -4.45

Cost of heating| ¢ ;5 9.33 476 60.79 5391 3617 2652
decrease (€/dw.)

%l 6.71 2.46 1.26 16.04 1423 9.54 7.00

Cost of losses| 5 2.34 2.96 4.57 428  ~1549 | 5.61 4.03 4.47
decrease (€/dw.)

%| 14.01 7.68 8.17 1771 —14.05 -42.79 | 2173 1325  12.35
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Table 3.4. Impact of SETS charging strategies on the grid losses and heating costs,
Base scenario, 2030

Heating SETS — (1) SETS - (2) SETS - (3)
strategy load factor max. heating cost min. losses cost min.
Heating| —,, 10%  20% 2% 10%  20% 2% 10%  20%

electrification
Peak load| 11.2 51.5 1503 | 233 2634 -516.3 12 ~108.9  —154.6
reduction (kW)
% 1.73 7.42 17.60 | -3.61 -37.94 —60.46 | 1.86 -15.68 —18.11
Costofheating ¢ 13 3035 5363 138.78 13118 11579  97.98
decrease (€/dw.)
%l 1733 8.72 5.38 31.58 2985 2635  22.30
Costoflosses) |, rc 564 6.65 1574 840 091 | 17.05 1398  13.13
decrease (€/dw.)
%| 33.84 1836  13.75 | 4346 2019  -1.89 | 47.07 3359  27.13

Table 3.5. Impact of SETS charging strategies on the grid losses and heating costs,

DSM scenario, 2030
Heating SETS — (1) SETS - (2) SETS - (3)
strategy load factor max. heating cost min. losses cost min.
Heating| o, 10% 20% 2% 10%  20% 2% 10% 20%
electrification
Peak load| 10.9 75.1 1883 | —41.7 2582 5024 12 778 485
reduction (kW)
% 2.3 1278 2227 | -852 4395 5941 | 245 —13.24 574
Costofheating| 3, oy 1 ee 99 69.39 62.81 4344 3215
decrease (€/dw.)
%| 7.08 2.75 1.44 16.04 1452 1004  7.43
Costof losses| 4 3.01 3.57 237 385 1668 | 7.48 528 5.56
decrease (€/dw.)
%| 14.71 7.82 7.91 711 —9.99 3694 | 2248  13.69  12.32

Another potentially competing small scale energy storage option was analysed concerning
heating electrification, electrochemical batteries. For comparability purposes, the batteries
were limited to only cover electric heating demand supplied by DRH with no ability to affect
the other components of consumer’s electric demand and no option to feed power back to the
grid. The operating strategy imposed on the batteries is most closely tied to the heating cost
reduction. However, it had an additional requirement to respect the transformer ratings in the
feeder network, so it performed a coordinated control from the DSO perspective, avoiding
transformer reinforcements. Due to significantly higher specific costs of batteries compared to
SETS, it was deemed more realistic to assume smaller kWh capacities for the batteries than the
SETS devices. For instance, the retail price of the QM100 model with 15.4 kWh storage
capacity is £832.63 in the UK market or roughly 944.53 €. This translates to about 61.33 €/kWh
while battery prices are notably higher, e.g. the PowerWall costs about 360 €/kWh [66] without
the additional hardware (i.e., inverter) and installation costs. However, the capital costs of
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battery storage are expected to keep falling. It is suggested the capital costs of utility-scale
batteries could reach even mere 165 €/kWh by 2025 (assuming a low price trajectory) [67].

The operating strategy imposed on the batteries is most closely tied to the heating cost
reduction. However, it had an additional requirement to respect the transformer ratings in the
feeder network, so it performed a coordinated control from the DSO perspective, avoiding
transformer reinforcements. Due to significantly higher specific costs of batteries compared to
SETS, it was deemed more realistic to assume smaller kWh capacities for the batteries than the
SETS devices. For instance, the retail price of the QM100 model with 15.4 kWh storage
capacity is £832.63 in the UK market or roughly 944.53 €. This translates to about 61.33 €/kWh
while battery prices are notably higher, e.g. the PowerWall costs about 360 €/kWh [66] without
the additional hardware (i.e., inverter) and installation costs. However, the capital costs of
battery storage are expected to keep falling. It is suggested the capital costs of utility-scale
batteries could reach even mere 165 €/kWh by 2025 (assuming a low price trajectory) [67].

The batteries considered in our analysis have storage capacity sufficient for 4 hours of
operation. On kW basis, we modelled the batteries with two different sizes. The batteries in the
model are implied to be of a residential scale, but the modelled control strategy envisions
aggregation at the feeder level. Consequently, their sizing is decided based on the aggregated
heating demand at each feeder. Two different battery system sizes are considered for each
feeder: for size 1, the battery output power is selected to cover one-fourth of the maximum
hourly heat demand; for size 4, the battery power is selected to be sufficient to provide all the
heat demand (via DRH) during the coldest hour of the year.

While batteries do seem to provide more significant specific electricity cost reductions
compared to SETS (Fig. 3.3), it might at least partially be explained by the notably lower
storage capacities (e.g., 76 kWh of battery storage (size 1) vs 363 kWh of SETS in the 10%
case for the Base scenario). An effect can be observed for SETS where the specific benefits
decrease with higher installed storage capacities of SETS and the same appears to be true for
the batteries. If we compare the two considered battery system sizes, the system with four times
increased storage capacity already shows diminishing benefits per kWh (Fig. 3.3).

Electric heating cost reduction (€/kWh of installed storage)

2
0 I | I N I u

2030_Base _2% 2030_DSM _2% 2030_Base_10% 2030_DSM_10% 2030_Base _20% 2030_DSM_20%

Batteries (size 1) w/ DRH M Batteries (size 4) w/ DRH SETS-(1) SETS-(2) SETS-(3)

Fig. 3.3. Electric heating cost reduction with batteries combined with DRH and SETS with
various control strategies (the difference to the DRH baseline is displayed).

The following Fig. 3.4 compares the ability of batteries and SETS to decrease the costs of
losses in the feeder network from heating electrification compared to the DRH baseline.
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Notably, at large electrification levels, the batteries and price-following decentralised SETS can
slightly increase the costs of losses. They also can significantly increase peak loads and
generally act contrary to the desired goal from the DSO perspective — congestion management
and grid investment deferral. SETS with the coordinated strategy (1) (load factor maximisation)
do seem to offer the best trade-off between end-users’ desire to decrease their bills and DSO’s
wish to have less need for additional grid reinforcements in the scenario of widespread heating
electrification. It can, however, prove to be challenging to establish a fair compensation
mechanism if the owners of SETS were to delegate some control over their devices to an
aggregator who schedules charging based on the distribution grid parameters.

Losses cost reduction (€/kWh of installed storage)
1.0

0.5

0.0

2030_Base _2% 2030_DSM _2% 2030_Base_10% 2030_DSM_10% 2030_Base _20% 2030_DSM_20%
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-1.0

Batteries (size 1) w/ DRH M Batteries (size 4) w/ DRH SETS-(1) SETS-(2) SETS-(3)

Fig. 3.4. Reduction of losses in the grid incurred by electrifying heating with batteries
combined with DRH and SETS with various control strategies (the difference to the DRH
baseline is displayed).

3.3. Modelling of SETS impact on the power system

3.3.1. Introduction

The present-day Latvian power system is characterised by a large share of electricity
production from hydropower resources, in particular, the three cascaded plants on the Daugava
River with the total installed capacity of 1580 MW. The other major local sources of electricity
are the two combined heat and power plants in the city of Riga (1025 MW), which provide
district heating energy for most of the consumers on the right bank of the city. However, their
schedule is very dependent on the heating demand. Together these five sources comprise about
86% of the total installed capacity in Latvia [31], and they are owned by the same company,
Latvenergo AS. This situation is a remnant of the previous setup of the strictly regulated and
monopolised Latvian power system before liberalisation begun in 2007 [68].

Since mid-2013, the most electrical energy produced and consumed in Latvia is traded in
the Nord Pool day-ahead market [69]. The interconnections to neighbouring countries play an
important role in the efficiency of the wholesale market. Currently (in 2018), the Latvian power
system i1s well connected to the Lithuanian system, but connections to Estonia are still
insufficient [3]. There are also interconnections to the Russian and Belarusian power systems
although no day-ahead trade takes place using these links. These connections are currently only
used for balancing the Baltic power systems [70]. This too will expectedly seize by 2025 as
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desynchronisation from the Integrated/Unified Power System (IPS/UPS) of Russia and Belarus
has been decided on [71]. The first steps towards this have already been taken with the launch
of the common Baltic balancing market at the beginning of 2018 [6].

Impact assessment of SETS deployment on the Latvian power system provides for an
interesting case research as, even though climatic conditions in winters there are quite harsh
and heating demand comparatively high, electric heating has not really caught on in Latvia [55].
Furthermore, thermal-electric storage heating technology, an advanced version of which is the
subject of this study, is virtually unknown.

3.3.2. Outline of future scenarios & modelling assumptions

Most of the input data are taken from the EU Reference Scenario 2016 [72] for the 2020
and 2030 cases and e-Highway sensitivities [73] for the 2050 case study. This includes main
annual power system statistics such as electricity generation and installed capacity by source,
annual electricity consumption and peak demand.

Using the Reference Scenario as a base, some additional sensitivities have been devised for
2020 and 2030 as relevant for the particular case study and modelling tools employed (Table
3.6). Firstly, some scenarios are developed which differ from the Base scenario with diverse
price projections assumed (High Price, Medium Price, Low Price and Volatile Price).
Additionally, Demand-side measures scenario envisions a power system where the typical load
(and price) curve has become smoother in nature primarily thanks to implicit demand response
and other measures, technological advancements and public awareness which increase the
adoption of smart technologies and users’ willingness to utilise them. Another differing
sensitivity is the Heating demand reduction scenario which envisions significantly reduced
heating energy demand in Latvia due to energy efficiency measures.

Table 3.6. List of main scenarios for modelling of 2020 and 2030

Base annual el. price change +1.5%
Medium prices annual el. price change +3.0%
High prices annual el. price change +4.5%
Low prices annual el. price change —0.5%

Base scenario with an additional 1.5% chance for any particular hour to

e dupees experience a tenfold price reduction

Demand-side Base scenario with a 50% smaller standard deviation of hourly electricity price
measures and demand timeseries to lessen the price spread and smoothen the load curve
Heatmg e annual heating demand change —1.5%

reduction
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For 2050, due to the increased level of uncertainty in the longer-run perspective, five self-
contained scenarios have been identified, taken from the e-Highway project [73]. This
European FP7 project, undertaken by several European TSOs, developed the five following
scenarios representing different developments of demand, storage, cross-border power
exchange and generation capacities: Large-Scale RES, 100% RES [electricity], Big & Market
(high GDP growth and market-based energy policies), Fossil & Nuclear (large fossil fuel
deployment with CCS and nuclear electricity), Small & Local. In contrast to 2020 and 2030
study years, all 2050 scenarios assume a constant annual price increase of 1.5%.

Some adjustments have been made also according to the “Ten Year Network Development
Plan” of the transmission system operator [74]. A major departure from the Reference Scenario
has been made in regard to nuclear power developments. The original scenario envisions the
construction of a nuclear power plant in Lithuania. However, since a consultative referendum
decision in 2014 rejected this prospect [75], this has become extremely unlikely, and thus any
nuclear capacities have been excluded from the models for 2030. However, those 2050
scenarios which did envision nuclear capacities in the region have been left unchanged.

The 2020 and 2030 scenarios do not envision significant growth of wind and solar capacities
in Latvia, which corresponds fairly well to the current day situation in the Latvian power system
where only about 2% of electrical energy annually is produced using wind resources [76] and
new improvements in the near future are unlikely since no subsidies or state support are
currently offered for the construction of any new renewable energy generation plants [77] and
new support policies are still under development.

Electric production time series are taken from the ENTSO-E Transparency platform [78]
and the public database of the Latvian TSO for the year 2016 as a base, upscaling to the scenario
requirements as necessary. Demand time series are taken from the Nord Pool database [79] for
the system-scale model and from a database of different consumer profiles [62] for the
distribution-scale model. Temperature data necessary for heating demand approximation for
the CHP plants [80] or the electrically heated houses is acquired from the national
meteorological service [81].

Transmission capacity projections follow the announced plans by the Latvian TSO,
Augstsprieguma tikls AS, namely, the construction of new interconnector to Estonia in 2020
[82], refurbishment of the current cross-border transmission lines by 2025 [83] and the
disconnection from the IPS/UPS in 2025. The possible increase of Estonian—Latvian net
transmission capacity (NTC) [84] due to higher reserves volume can be estimated based on the
data kindly provided by the Latvian and Estonian TSOs (Augstsprieguma tikls AS and Elering).

Historical electricity price data is collected from the Nord Pool database. The same source
was used to collect and analyse interconnector unavailability data which is an important factor
in the Latvian case study due to the significant role the cross-border links have in the operation
and clearing of the wholesale electricity market in Latvia. The Swedish—Lithuanian
interconnection NordBalt is assumed to have undergone reconstruction in its weak points [71]
to enable more stable operation than currently observed. Consequently, historical unavailability
data from a similar DC undersea cable (EstLink-2) has been used for the reliability of the link
instead of the NordBalt historical data during its initial unstable operation.
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3.3.3. Approach overview

The power system-scale benefit modelling employed for the Latvian case study combines
the various tools and approaches developed by the Institute of Power Engineering during the
implementation of RealValue project (2015-2018) and even before that. It also closely
intertwines with the distribution grid model described in Section 3.2 (i.e., the DG model feeds
electrical heating time series data to the system model), which, in its turn, uses the heat demand
derived from building thermal modelling in Chapter 2. The overall setup for modelling SETS
impact on the Latvian power system is illustrated in Fig. 3.5.

The geographical scope of the model covers Latvia and Lithuania, whereas heating
electrification is carried out only in Latvia (i.e., no SETS in Lithuania and the benefits are also
expressed solely from the Latvian power system point of view).

The SETS compared to DRH brings two beneficial effects captured by the model:

e decoupling heat demand from electricity consumption (i.e., energy arbitrage);

e provision of reserves to the power system due to SETS remote controllability.

The energy arbitrage effect of SETS impacts the electricity prices in the system decreasing
the total costs incurred by all the electricity consumers. However, the reserves provided by
SETS enable increasing the NTC of the Estonian—Latvian interconnection which can result in
more effective electricity market operation in the region, also affecting the wholesale prices in
some hours.

Hydroelectric and small cogeneration plants’ generation data is obtained by scaling
historical data. While this might seem counterintuitive, especially for the small cogeneration
plants, it does reflect the actual situation in Latvia where the renewables’ support system in
place does not encourage the owners of biomass/biogas cogeneration plants to follow market
signals. Instead, all the electricity produced by these plants is procured by a public trader. This
system is obviously suboptimal from a market point of view, but as a result, the small
cogeneration plants generally opt for a very uniform operation which, on the other hand, is good
for operational efficiency.

The major cogeneration plants, Riga CHP-1 and Riga CHP-2, however, are modelled in
detail by integrating the RTU’s in-house developed scheduling tool OptiBidus-TEC.

The devised Latvian power system model employs, in its first iteration, the hourly wholesale
electricity price as an exogenous variable which is then endogenously reprocessed in the
following iterations when finding the market equilibrium. The first stage in the model adds
electrified heating (DRH) to 2%, 10% and 20% of the total heated space (this is assumed to
generally equal the same proportion of the total heating demand). The increased demand results
in higher marginal prices and demand covered by either activating more expensive price-setting
plants or increased imports if there is import capacity unused. In the following steps, the
electrification is carried out by SETS instead which have optimised charging patterns enabling
the system to benefit from energy arbitrage. Finally, by assuming the SETS are able to quickly
react to TSO signals on reserve activation, the net transfer capacity of the interconnectors
between market areas can be increased closer (but not fully) to the total transfer capacity, which
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enables increased imports if the import of energy is indeed able to provide cheaper electricity
than the assumed local price-setter for the particular hour.

from scenarios/ assumptions

(base load profiles) [% SETS in space heating]
) |
\ 4
heating - SETS scheduling
Building thermal | demand, Representative —>| 1) max load factor
models ' fee<_:iers 2) min energy cost
(distr. grid model) 3) min cost of losses
t
(temperature)
to CBA:
load from * heating cost decrease (for customer)
feeders » cost of losses decrease/ investment deferral (for DSO)
from scenarios/ assumptions upscaled to + comparison w direct resistive heaters, batteries
[generation portfolio, system

production time series,

prices] l
|—> Power system to CBA:

» demand > - value from energy arbitrage
- « generation + value from reserves
fincl. CHP/

* import/export

intercon. outages/
SETS control

(ability to increase transm.
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Fig. 3.5. Overall setup for SETS impact modelling.

3.3.4. Main steps of the power system benefit assessment

The operation of the power system benefit assessment model can be summarised by three
main steps:

1) hourly timeseries preparation for the input;

2) multi-iteration calculation of electricity wholesale price decrease (in hourly resolution);

3) assessment of the annual benefits incurred.

Each step is described in more detail in the subsequent sections while the overall block
diagram of the algorithm is illustrated in Appendix 5.

Input timeseries preparation

To prepare the timeseries for input, the following actions are taken.

e Scaling the historical timeseries of demand (in Latvia, Lithuania and Estonia) and
generation by type of source (in Latvia and Lithuania) to match the scenario-dependent
annual demand/generation with a constraint to avoid exceeding the peak demand or total
installed generation capacity of a type of generation in any hour of the year. This is achieved
by a MATLAB script specifically designed to perform iterative timeseries scaling while
satisfying two principal constraints: (1) the annual sum must be equal (or less, but only if
equal is impossible) to the target sum, (2) the value at any particular hour must be less or
equal to the hourly maximum.
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e Special consideration is given for preparing the timeseries for Riga CHP plants schedules
— use is made of a software model developed at the Institute of Power Engineering of RTU
— OptiBidus-TEC, which can calculate the cogeneration schedules of the Riga CHP plants
(with hourly ambient temperature used as input).

e In terms of interconnection capacities and cross-border market flows, the flows to
Belarus and Kaliningrad are assumed to be the same in 2020 as in 2016, but for 2030 and
2050 they are assumed to be null (due to the desynchronisation). The flows to/from Poland
and SE4 area are recalculated with a specially designed MATLAB script which takes into
account the generation and demand changes in Poland and Sweden in the EU Reference
Scenario 2016 and e-Highway scenarios, as well as the assumptions on interconnector
capacities; also for these flows, 2016 is considered as the base year. Note: Estonian-Latvian
interconnection serves as a balancing point in the model, i.e., flow in it is calculated by the
model.

e Thereby, the net transfer capacity (NTC) in hourly resolution is a particularly important
input timeseries. Furthermore, it is included in the model in two ways — the “normal NTC”,
which is the NTC value used by Nord Pool (in practice it is the smallest value from the NTC
calculated by the Latvian TSO and the Estonian TSO); and the “increased NTC”, which is
the value calculated by the Estonian TSO. The hourly values of these parameters for 2016
were obtained from the respective TSOs. The future values are obtained by scaling
according to the scenario-based, assumed future values.

e The hourly timeseries for DRH (for the reference cases) and SETS electricity
consumption are obtained by scaling the respective hourly consumption patterns from the
distribution grid model. Particularly for SETS we use the optimised charging strategy (1),
1.e., load factor maximisation.

Electricity market price estimation

For estimation of the electricity wholesale market price, we use a stylised model which
calculates the price in four iterations, subsequently updating it as required. For the years 2020
and 2030, six different electricity price subscenarios (Table 3.6) are devised under each main
heating electrification scenario (2%, 10% and 20%) — both for electrification with DRH (used
as reference case) and heating with SETS. For all 2050 scenarios, however, a constant annual
price increase of 1.5% is assumed. These scenario-based prices are devised in the 1% iteration
and then updated in the following ones. For identifying the benefits brought by SETS, we
estimate the electricity price at each subscenario both for DRH and SETS cases.

The main steps of the algorithm for estimation of the hourly price are as follows for each
subscenario.

e 1% market price iteration. Prices for Latvia (IT%"*') and Estonia (IT"*') are assumed
to have the same variation profile as in 2016, but they are scaled or modified according to
the annual price subscenario (Table 3.6).

e 1% market flow estimation. The theoretical market flow in the EE-LV interconnection is
calculated disregarding NTC constraints, i.e., as the arithmetic balance in Latvia/Lithuania
with Estonian import as the balancing point:
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N
approx.l __ pbase base _ o _
PEE-LV - R]emand,LV + Pdemand,LT Pgeneration,LV f)generation,LT Z Pinterc.,LT,n . (3 34)

n=l1

2" market price iteration. Firstly, those hours when the demand in LV+LT

(P sy + Poe 1) increases (hour-to-hour) are identified. Secondly, hours when the

demand,
price in LV (TT{%"*") increases (hour-to-hour) are identified. Thirdly, those hours where

the previous two conditions hold true are selected, and linear regression employing the least
squares’ method is performed to obtain a coefficient reflecting the average dependence of
market price increase as a function of demand increase, i.e.,

Al

LV, incr. =a- AI)demand,LV+LT, incr. * (3 3 5)

Next, for hours when the 1% market flow approximation falls within the normal NTC

constraint (P¥O'<P_..), the 2" market price approximation equals the 1%

approximation. Conversely, for the other hours (where B! >pP

), more expensive
generation has to (implicitly) be activated to maintain market balance, thereby the 2"

market price approximation is

approx.2 __ approx.1 approx.1
Y =1y +a'(P _PnormNTC) : (3.36)

EE-LV

I.e., the market flow which would have exceeded the normal NTC, would cause other (more
expensive) sources to be utilised.

Now, the additional electric consumption introduced by SETS or DRH is added to the
base consumption.

374 market price iteration is performed separately for the SETS and DRH subcases. The
electric load timeseries of heating equipment are added to the base consumption. Following
that, the previously identified linear regression coefficient is utilised to update the hourly
market prices:

approx.3 __ yyapprox.2 . .

I Vsers =y~ +a- By (3.37)
approx.3 __ yrapprox.2

Iy prs =1y +a- By - (3.38)

Now, we investigate the option to increase the NTC available to the market up to the
theoretical maximum NTC (P, ) thanks to utilising the fast controllability of SETS

devices. However, we assume the NTC can only be increased if there is available scheduled
SETS load to be disconnected in case of emergency, and only by 95% of the available SETS
load & not exceeding P, 1, 1.€.,

])incr.NTC =min (])norm.NTC +0.95- PSETS,Pmax.NTC ) : (3 39)

Then, we can identify the hours when such NTC increase could bring benefits in the form
of reduced electricity wholesale market prices. The respective hours must meet the
following three conditions:
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R > e (3.40)
where R = R+ Rers: (3.41)
s > T (342)
Pincr.NTC > PnormANTC . (3 43)

e In the 4™ market price iteration we only recalculate the price for the hours where an NTC
increase (with SETS as reserve providers) would be both possible and necessary, thus
resulting in a reduced price:

Happrox.4 _ Happrox.3 _ R:lemand,EE X Happroxﬁ _Happrox.l .
LV,SETS — *"LV,SETS Pbase + P LV,SETS EE
demand,LV SETS (3 44)
: approx.2 _ ’
min (])EE-LV b ])incr.NTC ) Pnorm.NTC
approx.2 :
f)EE—LV Rwrm.NTC

Here, if the NTC available for market transactions is increased, the prices in Estonia and
Latvia tend to equalise (i.e., by increasing in the former and reducing in the latter). The last
component of the equation ensures that they can be even only if the increased NTC
constraint is not violated; if the constraint is active, the prices tend to but do not become
fully equal. The equation also ensures that the ability of the additional flow from Estonia
(and thus, implicitly, from Scandinavia) to reduce the prices in Latvia is proportional to the
demand in both countries.

Power system benefit assessment

Finally, it is possible to assess the benefits obtained in the form of wholesale market price
reduction.

Price reduction due to smart SETS scheduling via price arbitrage (compared to the reference
case with DRH):

__Tyapprox.3 _ yyapprox.3
Al_ISETS,sched. - 1_ILV,DRH 1_ILV,SETS : (3 45 )

Price reduction due to increased system reserves (i.e., thereby increased NTC):

__Ty@pprox.3 _ yyapprox.4
Al_ISETS,res. - 1_[LV,SETS 1—ILV,SETS : (3 46)

The total price reduction obtained because of SETS (scheduling and reserves):

AHSETS,ﬁ]H — Happrox.3 _ Happrox.4 (3 47)

LV,.DRH LV,SETS *

By multiplying the price timeseries with the consumption timeseries, it is possible to
express the obtained benefit in terms of the overall (country-wide) annual electricity purchase
cost reduction at the wholesale level.
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3.3.5. Results and discussion

Results for 2020

Since electricity cost reduction benefits in the Latvian case study are explored in a twofold
manner, the results for each of the study years are presented first by their components (benefits
from arbitrage and reserves) and afterwards in a summarised way. All costs and benefits are
expressed per annum.

Table A4.1 in the appendix compiles the results regarding the electricity cost savings from
SETS arbitrage (i.e., optimised scheduling) at various heating electrification levels. The
benefits are identified in comparison to a reference case where heating electrification is carried
out with DRH at the same penetration level. In all the scenarios summarised, a trend can be
established where the electricity cost decrease from SETS arbitrage increases in both absolute
and relative terms with larger heating electrification. For example, 3.78 M€ (0.48%) savings
for the 2% penetration, 10.10 M€ (1.09%) for the 10% and 18.75 M€ (1.46%) for the 20%
penetration in the Base scenario.

However, this effect can primarily be explained by the main peculiarity of the Latvian
power system in contrast to the other countries studied in the RealValue project, namely, the
currently minuscule prevalence of electric space heating [55]. This fact is reflected in the
modelling assumptions by implementing both the baseline DRH and controllable SETS as an
additional electrical load which is added to the demand data from Reference Scenario 2016
(2020, 2030) and e-Highway (2050). In other words, heating electrification inevitably
significantly increases the overall electricity costs, thereby, understandably, the opportunity to
diminish this cost increase by the deployment of SETS is greater when the electrification itself
1s more noteworthy. For instance, in the Base scenario, the total electricity costs for the year
2020 with DRH are larger by about 38% if we compare the 20% and 2% electrification cases.

Indeed, if we instead analyse the arbitrage benefits relative to the total annual energy
consumption of SETS or their installed energy storage capacity, the trend reverses and, with
larger penetrations, the specific benefit actually decreases. In the Base case, it is 1.21 €/kWh,
0.65 €/kWh and 0.60 €/kWh of installed SETS for the 2%, 10% and 20% penetration scenarios
respectively. This is true for all the scenarios considered for 2020 except for the Demand-Side
Measures scenario, where the smallest specific benefit from arbitrage is found at the 10% case.
Curiously, as can be seen in Fig. 3.6, while the specific benefit nearly halves if heating
electrification is increased from 2% to 10%, further increase to 20% diminishes the savings
from SETS arbitrage per kWh of installed storage by merely about 6-9.4% depending on the
scenario, except for Demand-side measures scenario.

In regard to scenario differences, it can be seen that the scenarios based on different price
future development assumptions (Medium, High and Low prices) provide generally very similar
results, where they differ in absolute numbers in correspondence to the underlying projections.
The Volatile prices scenario, however, does manage to capture higher cost decreases from
arbitrage since there are more and better-defined hours controllable load like SETS can exploit
where the electricity day-ahead price is significantly lower than the mean.
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The Demand-side measures and Heating demand reduction scenarios, on the other hand,
do show decreased SETS arbitrage value in absolute terms. Moreover, in the former, the value
is reduced significantly (i.e., by a factor of 2.5, 2.0 and 1.4 in the 2%, 10% and 20% cases
respectively, whereas, in the latter, the decrease in savings is however fairly small at only about
a factor of 1.1). It is interesting to note that in the Base and Heating demand reduction scenarios,
the specific benefit per kWh of SETS installed (Fig. 3.6) is almost the same even though the
installed storage differs notably (e.g., 3 131 MWh in the Base and 2 943 MWh in the Heating
demand reduction scenario at 2% penetration.

Cost savings (arbitrage), €/kWh of installed SETS, 2020
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Fig. 3.6. Cost savings from SETS arbitrage per kWh of installed storage, 2020.

Compared to the value extracted from SETS arbitrage, the electricity cost decreases brought
by SETS participation in reserve provision are notably smaller. The results for the year 2020
summarised in Table A4.2 in the Appendix show that, relative to the total electricity costs in
Latvia, SETS as a contributor in reserve provision can provide cost reductions ranging from
0.01% to 0.03% in the 2% penetration case, 0.06—0.17% in the 10% penetration case and 0.30—
0.44% in the 20% penetration case.

Benefit from reserves comprises roughly 2.83%, 12.92% and 22.34% of the total electricity
cost reductions brought by SETS in the Base scenario for the 2%, 10% and 20% penetration
cases respectively. Unlike in arbitrage (Fig. 3.6), the reserve provision has greater specific
benefit the more SETS there are in the system (Fig. 3.7). For instance, in the Base scenario, the
cost savings from SETS reserves are 0.04 €/kWh, 0.10 €/kWh and 0.17 €/kWh of installed
SETS storage in the various penetration levels.

Once again, the Demand-side measures scenario shows to be an exception as the
abovementioned trend is not really in effect in this case. The other alternative demand-side
flexibility measures implicitly modelled in this scenario seem to have a hardly generalisable
and predictable effect on SETS value, apart from the obvious implication that the value of a
particular flexibility provider (e.g., SETS) decreases when the demand side as a whole has
become more price-sensitive and manageable.
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Cost savings (reserves), €/kWh of installed SETS, 2020
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Fig. 3.7. Cost savings from SETS reserves per kWh of installed storage, 2020.

Table 3.7 combines both avenues of SETS beneficial contributions to the power system
studied in the Latvian case study for the year 2020. It can be concluded from the various
scenarios that SETS value somewhat depends on the underlying heating demand assumptions,
but even more so from the characteristics and flexibility of the other electrical load and the
marginal costs of price-setting generators. In terms of benefits from SETS penetration, the 2%
case offers the highest savings in the electricity system, whereas if the penetration is 10% or
more, the specific benefit is greatly diminished (Fig. 3.8).

It could also be useful to express the cost reduction brought by SETS in other comparable
terms. For instance, in the scenarios analysed for 2020, the benefit ranges for the 2%, 10% and
20% penetrations are 33.10-85.26 €/dwelling, 21.59-50.79 €/dwelling and 33.69-
52.88 €/dwelling or if expressed per units of SETS deployed in the country: 8.28—
21.31 €/device, 5.40—-12.70 €/device and 8.42—13.22 €/device. A note should be made here on
another peculiarity of the Latvian case study. We assumed SETS could be installed not only in
detached houses and apartments but also in some public and industrial buildings, which is an
assumption derived from the physical demonstration of SETS technology in the Latvian trial
within the RealValue project. The average heating space of a dwelling/house in the model
translates to roughly 60.25 m?.

Finally, the Latvian case study for the year 2020 can be concluded by observing the price-
reducing effects of SETS in the day-ahead electricity wholesale market. Table 3.8 compiles the
average hourly electricity price in the various scenarios and penetration levels. The weighted
average price is also included (weighted against the hourly consumption in Latvia). While the
average price decrease due to SETS is fairly small (0.01%, 0.16% and 0.42% for the 2%, 10%
and 20% penetration levels), the weighted average decreases more noticeably (0.49%, 1.25%
and 1.88% respectively) as can be seen in Fig. 3.9. This very well exemplifies the positive effect
from SETS energy storage and scheduling abilities, i.e., moving heating-related electrical load
away from the peak price periods thus smoothening the overall load curve.
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Table 3.7. Total electricity costs and total cost savings from SETS in Latvia, 2020

Cost savings (total), €/kWh of installed SETS, 2020
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Fig. 3.8. Total costs savings from SETS per kWh of installed storage, 2020.
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Table 3.8. Average electricity day-ahead price in the Latvian bidding area, 2020

with with . with with .
DRH SETS reduction DRH SETS reduction
39.82 39.82 0.01% 41.89 41.68 0.49%
43.56 43.50 0.15% 46.13 45.55 1.25%
48.24 48.06 0.37% 51.20 50.24 1.88%
42.08 42.07 0.01% 44.26 44.04 0.49%
46.03 45.96 0.15% 48.74 48.13 1.25%
50.97 50.78 0.37% 54.10 53.08 1.88%
4433 44.32 0.01% 46.63 46.40 0.49%
48.50 48.42 0.15% 51.35 50.71 1.25%
53.70 53.51 0.37% 57.00 55.93 1.88%
36.82 36.81 0.01% 38.72 38.53 0.49%
40.28 40.22 0.15% 42.64 42.11 1.25%
44.60 44.44 0.37% 47.34 46.45 1.88%
39.49 39.49 0.02% 41.55 41.34 0.51%
43.48 43.41 0.16% 46.08 45.48 1.30%
48.46 48.28 0.38% 51.52 50.51 1.96%
39.80 39.79 0.03% 40.34 40.25 0.22%
43.57 43.54 0.06% 44.59 4431 0.61%
48.27 48.15 0.26% 50.49 49.70 1.56%
39.77 39.76 0.01% 41.83 41.63 0.47%
43.28 43.23 0.13% 45.79 45.25 1.18%
47.68 47.53 0.31% 50.49 49.61 1.73%
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Weighted average electricity day-ahead price decrease, €/ MWh, 2020
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Fig. 3.9. Electricity price decrease in the Latvian bidding area with SETS.
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Results for 2030

At first glance, the results from the study year 2030 show some obvious differences from
the 2020 results. Firstly, the cost savings brought by SETS arbitrage are overall greater. In the
Base scenario, they have grown by 0.57 M€, 1.58 M€ and 3.37 M€ for the various penetration
levels. This also translates to improved savings per kWh of installed SETS: a 0.18 €/kWh,
0.10 €/kWh and 0.11 €/kWh increase respectively. However, the previously observed tendency
for the specific benefit from arbitrage to decrease as the level of penetration rises is also seen
here (Table A4.3 in the Appendix).

In the 2030 results, we can observe much greater variation in arbitrage benefits depending
on price assumptions (Medium, High and Low price scenarios) compared to 2020. It is,
however, primarily a consequence of the model setup and the fact that the price uncertainties
considered here grow larger the further in future we project.

The Demand-side measures scenario, on the other hand, is similar to the 2020 case as it
shows significantly lesser cost savings than the Base scenario as can be well seen in Fig. 3.10.
More particularly, the specific benefit decreases from 1.39 €/kWh, 0.75 €/kWh, 0.71 €/ kWh to
0.54 €/kWh, 0.36 €/ kWh, 0.49 €/kWh for the various penetration levels. Again, the previous
conclusion can be reiterated so that demand without any demand-side measures applied shows
greater potential for cost decrease with SETS scheduling abilities than demand which is already
smoother.

Contrary to the 2020 study year, the 2030 case shows more significantly decreased overall
SETS arbitrage value in the Heating demand reduction scenario compared to the Base scenario.
If the overall heating demand decreases as projected in the scenario, the cost savings from
arbitrage decrease by 0.83 M€, 2.28 M€, 5.71 M€ a year, or in relative terms: 0.09 pp., 0.17 pp.,
0.34 pp. However, since the deployment of SETS (installed storage) decreases from
3 131 MWh, 15 654 MWh, 31 308 MWh to 2 473 MWh, 12 367 MWh, 24 733 MWh (2%,
10%, 20% penetration cases respectively), the arbitrage benefits expressed per unit of installed
storage are actually fairly similar in the Base and Heating demand reduction scenarios as can
be seen in Fig. 3.10.

Cost savings (arbitrage), €/kWh of installed SETS, 2030
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Fig. 3.10. Cost savings from SETS arbitrage per kWh of installed storage, 2030.

The other value stream of SETS considered in the Latvian case study, reserves, brings a
decidedly smaller contribution to the overall cost savings in the 2030 study year than in 2020.
Table A4.4 in Appendix 4 summarises these results, and it can be seen that for the 2%
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penetration level SETS actually has so minuscule reserve value that for all intents and purposes
it can be considered to be zero. For the 10% penetration case, it is also very small not even
exceeding 0.01% of the total electricity costs in the system. Only for the 20% penetration case,
the reserve value reaches about 0.12% of the total electricity costs, but that, of course, is also a
very small benefit.

The reason for the tremendously diminished reserves’ value of SETS can be pinpointed to
major reinforcements of the transmission grid, particularly the interconnector between Estonia
and Latvia, expected to be conducted by 2020 and 2025. As a result, the transmission capacity
between these countries almost doubles from 2020 to 2030 study year (i.e., the TTC increases
from 1000 MW to about 1900 MW). Due to this fact and the capacity/production assumptions
from Reference scenario 2016, there are significantly fewer hours during the year when the
interconnector is congested, meaning that there is close to no value from covering some of the
reserve requirements in the Latvian power system with controllable SETS.

Fig. 3.11 illustrates the small specific benefits from SETS as a contributor to reserves (in
the scenarios where applicable).

Cost savings (reserves), €/kWh of installed SETS, 2030
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Fig. 3.11. Cost savings from SETS reserves per kWh of installed storage, 2030.

At last, Table 3.9 summarises the total benefits of electricity cost reduction offered by
heating electrification with SETS in 2030. Fig. 3.12 illustrates visually the penultimate column
of the table which is the total cost savings expressed per kWh of SETS storage installed in the
system.

On the surface, there is only minor difference from Fig. 3.10 due to the minuscule benefits
from reserves. Nevertheless, the conclusion can be made, comparing the total savings in 2030
to those of 2020, that despite the drawback in reserve provision, the overall electricity cost-
saving effects of SETS have improved in both magnitude and benefit per installed storage
capacity or device of SETS. Across the scenarios, this improvement is most prominent with the
2% penetration level and ranges up to 7.53 €/device (High prices scenario). There are, however,
some exceptions. In the Low prices scenario, the benefit per device actually decreases in 2030
regardless of the SETS penetration level. Furthermore, it also diminishes in the Base, Volatile
Prices, Demand-side measures and Heating demand reduction scenarios for the 20%
penetration (the largest decrease is equal to 2.04 €/device).
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Table 3.9. Total electricity costs and total cost savings from SETS in Latvia, 2030

931 4.35 0.47%
10% 1 087 11.77 1.08% 0.75 11.58
20% 1312 23.64 1.80% 0.76 11.63
2% 1093 5.11 0.47% 1.63 25.13
10% 1276 13.82 1.08% 0.88 13.59
20% 1540 27.75 1.80% 0.89 13.65
2% 1254 5.86 0.47% 1.87 28.84
10% 1464 15.86 1.08% 1.01 15.60
20% 1768 31.85 1.80% 1.02 15.67
2% 716 3.35 0.47% 1.07 16.46
10% 835 9.05 1.08% 0.58 8.90
20% 1 009 18.17 1.80% 0.58 8.94
2% 921 4.46 0.48% 1.43 21.96
10% 1082 12.12 1.12% 0.77 11.92
20% 1315 24.61 1.87% 0.79 12.10
2% 898 1.70 0.19% 0.54 8.37
10% 1 051 5.58 0.53% 0.36 5.49
20% 1274 16.36 1.28% 0.52 8.05
2% 923 3.53 0.38% 1.43 21.97
10% 1 044 9.44 0.90% 0.76 11.75
20% 1213 16.98 1.40% 0.69 10.57
Cost savings (total), €’kWh of installed SETS, 2030

2.00

1.80

1.60

1.40

1.20

1.00

0.80

0.60

0.40

0.00

2% 10% 20% | 2% 10% 20%| 2% 10% 0% 2% 10% 0% 2% 10% 0% 2% 10% 0% 2% 10% 0%
Base Medium prices High prices Low prices Volatile prices Demand side Heatmg dermnd
measures reduction

Fig. 3.12. Total costs savings from SETS per kWh of installed storage, 2030.

It should be noted that neither in the 2020 nor 2030 scenarios there was any wind
curtailment in the Latvian power system. However, it is not surprising as it already follows
from the capacity and production assumptions. Reference scenario 2016 does not project drastic
increases in intermittent renewable capacities in Latvia in either of these years, but nearby
European countries where it might prove to be a problem were out of the model scope.
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Table 3.10 enables us to consider the effects SETS devices have on the electricity wholesale
day-ahead price in both average and weighted average terms. Fig. 3.13 illustrates the difference
in particular. Similarly to 2020, the larger the heating electrification level, the better SETS can
decrease the electricity price if the reference electrification medium is DRH. While the average
hourly price itself changes only barely (by 0.09% maximum), the weighted average experiences
much more impactful reductions (by up to 1.88%) which is very beneficial to all the electricity
consumers but might not necessarily be a good sign to electricity producers, especially those
who do not have much flexibility in their production scheduling.

Table 3.10. Average electricity day-ahead price in the Latvian bidding area, 2030

with DRH  with SETS  difference  with DRH  with SETS  difference

2% 44.70 44.70 0.00% 46.99 46.77 0.47%
10% 48.79 48.79 0.01% 51.63 51.07 1.08%
20% 53.92 53.87 0.09% 58.06 57.01 1.80%
2% 52.45 52.45 0.00% 55.15 54.89 0.47%
10% 57.26 57.26 0.01% 60.59 59.93 1.08%
20% 63.28 63.22 0.09% 68.13 66.91 1.80%
2% 60.21 60.21 0.00% 63.30 63.00 0.47%
10% 65.73 65.73 0.01% 69.55 68.80 1.08%
20% 72.63 72.57 0.09% 78.21 76.80 1.80%
2% 34.35 34.35 0.00% 36.12 35.95 0.47%
10% 37.50 37.50 0.01% 39.68 39.25 1.08%
20% 41.44 41.40 0.09% 44.62 43.82 1.80%
2% 44.23 44.23 0.00% 46.48 46.26 0.48%
10% 48.56 48.55 0.01% 51.38 50.81 1.12%
20% 53.97 53.91 0.10% 58.17 57.09 1.87%
2% 44.70 44.70 0.00% 45.30 45.22 0.19%
10% 48.82 48.82 0.00% 49.94 49.67 0.53%
20% 53.97 53.93 0.08% 56.36 55.64 1.28%
2% 44.48 44.48 0.00% 46.76 46.58 0.38%
10% 47.72 47.72 0.00% 50.36 49.91 0.90%
20% 51.77 51.75 0.03% 55.28 54.51 1.40%
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Weighted average electricity day-ahead price decrease, €/ MWh, 2030
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Fig. 3.13. Electricity price decrease in the Latvian bidding area with SETS.

Due to possible generation developments in the Lithuanian power system, a special scenario
was considered for the study year of 2030. The Kruonis pumped storage hydropower plant
which currently has four hydroelectric units with the total installed capacity of 900 MW is
considering adding a fifth unit rated at 225 MW [85]. This would increase the total input and
output power of the plant, but not its energy storage capability (i.e., upper reservoir capacity).
As a consequence, we constructed an additional scenario which is based on the Base scenario
only differing in additional 225 MW pumped storage capacity in Lithuania.

Table 3.11, Table 3.12 and Fig. 3.14 summarise this supplementary scenario titled
Additional Pumped Storage in comparison to the Base scenario. The first observable effect is
the almost complete elimination of any remaining value for SETS in reserve provision (there is
some residual nonzero benefit in the 20% penetration case, but it is nevertheless negligible).
The savings brought by arbitrage are also diminished but to a relatively minor extent. When
comparing the cost reductions caused by SETS as a percentage of the total electricity costs,
additional pumped storage capacity decreases SETS contribution by about 0.02 pp., 0.03 pp.
and 0.11 pp. for 2%, 10% and 20% penetrations respectively. In absolute terms, this translates
to a 0.09 M€, 0.22 M€ and 0.92 M€ diminishment in SETS value at system scale.

To conclude the 2030 analysis, it can be established that with all the other assumptions
remaining the same, additional 225 MW in pumped storage capacity result in completely
negated SETS value in reserves and somewhat diminished value in arbitrage.

Table 3.11. Total electricity costs and cost savings from SETS,
Additional Pumped Storage sensitivity, 2030

2% 931 435 0.47% 0.22 14.04 1.39
Base 10% 1087 11.77 1.08% 0.56 7.60 0.75
20% 1312 23.64 1.80% 1.05 7.63 0.76
Additional 2% 939 4.26 0.45% 0.21 13.75 1.36
Pumped 10% 1 104 11.55 1.05% 0.54 7.45 0.74
Storage 20% 1 344 22.72 1.69% 1.00 7.33 0.73
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Table 3.12. Electricity cost savings from SETS arbitrage and reserves,
Additional Pumped Storage sensitivity, 2030

Cost savings by components, €/kWh of installed SETS, 2030
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Fig. 3.14. Costs savings (by components) from SETS per kWh of installed storage, 2030.

Results for 2050

The e-Highway sensitivities for the 2050 study year were also analysed from the same two
vehicles of electricity cost savings as in the previous two study years — arbitrage and reserves.

The 2050 scenarios differ from 2020 and 2030 assumptions most importantly by majorly
increased renewable generation, especially intermittent sources like wind and solar. Of course,
modelling so far in the future must be taken with a grain of salt, nevertheless the results obtained
here might provide some valuable insights.

The annual electricity demand also is notably higher in the 2050 scenarios than in either of
the prior study years. The benefits from arbitrage are lower in relative terms (savings versus
total costs) but quite higher in absolute values or per units of SETS consumption or capacity
(Fig. 3.15). Table A4.5 in the Appendix summarises the benefit from arbitrage in various
metrics.

From the five scenarios compared, Small & Local finds the least specific value from SETS
per kWh of installed capacity, whereas, in the Large Scale RES scenario, the specific arbitrage
value is the highest. In general, the cost savings brought from SETS arbitrage range from 0.17%
to 0.89% of the total electricity costs in Latvia or from 0.74 €/kWh to 1.88 €/kWh of installed
SETS depending on the scenario and penetration level.
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A somewhat interesting result is the fact that the specific value per installed SETS storage
varies between the scenarios for the 2% and 10% heating electrification levels, while for the
20% penetration the specific benefit ends up at about 0.74—0.75 €/kWh of installed SETS.

Cost savings (arbitrage), €/kWh of installed SETS, 2050
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Fig. 3.15. Cost savings from SETS arbitrage per kWh of installed storage, 2050.

The other source of value, reserve provision, varies a lot across the scenarios and no
discernible trend can be identified. However, some value from reserves is present in most of
the scenarios albeit very small. A conclusive exception is the Small & Local scenario where no
value from SETS as a reserves’ provider could be identified (Fig. 3.16).

The Latvian power system in the e-Highway scenarios is supposed to be a net exporter and
well-integrated transmission-wise with the other countries in the region. The geographically
limited scope of the model employed for the Latvian case study might prove to be insufficient
in finding some hidden untapped value streams in conditions so very detached from the
contemporary situation in Latvia.

Cost savings (reserves), €/kWh of installed SETS, 2050
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Fig. 3.16. Cost savings from SETS reserves per kWh of installed storage, 2050.

The total cost reductions from SETS in the 2050 study year are summarised in Table 3.13
with Fig. 3.17 illustrating the savings per kWh of installed SETS. The results are unfortunately
quite hard to interpret given the large disconnect in the time-scale from the modelled year, but,
in brief, SETS do seem to still provide value in the form of overall electricity cost reduction
even in 2050. Objectively, however, one has to keep in mind that decidedly more advanced
flexibility providing technologies could be developed and deployed in the following 30 years.
Furthermore, the characteristics of SETS itself might change markedly in the future.
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Table 3.13. Total electricity costs and total cost savings from SETS, 2050

Cost savings (total), €/kWh of installed SETS, 2050
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Fig. 3.17. Total costs savings from SETS per kWh of installed storage, 2050.

3.4. Summary

To investigate the impact of local small-scale thermal electric storage on the low voltage
distribution network congestions, a model representing general characteristics of the Latvian
distribution grid and typical electrical loads of end-users has been developed. Since the share
of customers currently using electric heating as their main heat source is negligible in Latvia,
partial electrification of heating with SETS or direct resistive heaters is examined. Accordingly,
it allows evaluation of the consequences such electrification implies.
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To mitigate the possible issues, several congestion management strategies have been
studied that strive to either minimise daily load variance, decrease overall losses or minimise
the cost of heating for customers.

The output from the distribution modelling efforts was used as input to the overall power
system benefit assessment model simulating the impacts of large-scale SETS deployment in
Latvia for the study years of 2020, 2030 and 2050 employing a number of future projection
scenarios.

The partial electrification of heating assumed in this study might not necessarily be the best
approach in developing new multi-energy systems in Latvia. The increased demand resulting
from the electrification does induce notably higher electricity costs in the system, especially in
the 10% and 20% cases. However, evidently, these cost increases can be somewhat alleviated
if the electrification is carried out with smart electric thermal storage instead of direct resistive
heating. Depending on the scenario and assumed penetration, these savings can amount to 0.47—
1.96% of the total costs, or 4.35-25.28 M€/annum in absolute numbers for the 2020 and 2030
study years.

Most of the value SETS bring comes from their smart storage ability, i.e., mostly charging
in times when the electricity price/demand is lower and discharging whenever the heating
energy is required which allows avoiding electricity consumption at the usual peak times.
However, this also exemplifies that SETS contribution to system benefits can be expected to be
lower if the peak/off-peak characteristics of the overall demand curve have become less
pronounced due to other developments on the demand-side of the power system. This
expectation was indeed confirmed by the Demand-side measures sensitivity. Improvements in
thermal efficiency/ heat demand reduction measures also signify lesser deployment of SETS
devices and diminished benefit from them. The benefit from each SETS unit installed also
decreases the more of them are deployed in the system.

Additionally, the smart control and web connection of SETS devices enable them to be used
in reserve provision to the power system. This was another value stream of SETS identified in
the Latvian case study. However, due to significant improvements to the interconnection
capacities, these benefits decreased majorly from 2020 to 2030. Furthermore, if an additional
225 MW pumped storage expansion project was to be followed through (the likelihood of
which is currently uncertain though), the benefits from SETS reserves in 2030 would be nearly
completely negated.

The 2050 sensitivities again do show some savings from SETS as a reserve provider (except
in the Small & Local scenario). However, the arbitrage benefits have almost halved compared
to the 2020 and 2030 scenarios. All the 2050 sensitivities do show a power system very
contrasting to contemporary Latvia with uncharacteristically high deployments of wind and
solar power generators. On the other hand, the 2050 results should be taken for what they are,
an informative what-if study, as opposed to robust future projections.

From the distribution grid operator’s perspective, partial heating electrification does bring
the risk of congestion and increased need for investments to avoid it. However, coordinated
scheduling of SETS does serve well in alleviating most of these concerns as shown in the
representative feeder study in Section 3.2.8. Furthermore, it also aids in decreasing the cost of
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losses for the DSO and reasonably reduced electricity bills to the end-consumers when
compared to the baseline of electrification with DRH. However, some caution is necessary
because if the control of SETS is not coordinated for grid benefit but only follows the electricity
price signal to decrease the end-user bills to a minimum, it causes massive issues to the
distribution grid in terms of peak power, load factor and necessary grid reinforcements.

Finally, from the results presented in this study, the 2030 scenarios with 2% penetration
could be selected as the most insightful and relevant. The reason for this is the unlikelihood of
any SETS deployment in Latvia by 2020 (during the time of study in 2018, this or any other
similar technology was not even directly sold in Latvia) and the very overambitious goals of
the 10% and 20% electrification which would unlikely happen naturally and would require
policy intervention to be actually fulfilled. Thus, we will use the 2030 2% results for the cost-
benefit assessment that follows.

In terms of benefits compared to a system with DRH, the SETS devices offer a potential
total electricity cost reduction in the range of 0.54—1.87 €/kWh/annum of installed SETS
storage (among the 2030 2% sensitivities). Additionally, the distribution grid model shows that
coordinated smart control strategy could reduce the cost of losses to the DSO by 0.08—
0.20 €/kWh/annum and end-user electricity bills by 0.50-1.24 €/kWh/annum expressed per
kWh of installed SETS. If the end-users were to schedule their SETS solely based on price
signals, they could achieve specific electricity cost reduction in the range of 1.13—
2.25 €/kWh/annum, but with some congestion risk to the distribution grid (albeit minor
compared to the 10% and 20% cases).

The average household modelled in the Latvian case study would require four SETS devices
with the total storage of 61.6 kWh. The cost of the devices would be equal to about 3800 € [57]
and additionally, expenses for the gateways and installation. In the reference case, a price search
shows an equivalent DRH system could have prices varying in a very broad range, illustratively,
about 50600 €. If we assume approximately equal installation costs and 200 € for the SETS
gateway, the SETS devices would have a cost differential of about 55.19—64.12 €/kWh.

It is evident that the benefits neither from the system, the distribution grid nor the end-user
perspective do not seem to be high enough to cover the expenses in a reasonable timeframe and
justify heating electrification to be carried out with SETS. However, the possibility exists that
some potential revenue streams have not been considered in this case study. Additionally, a
more precise cost-benefit analysis would very much depend on the business model assumed
since there are several conceivable ways how both, the costs and incurred savings could be
distributed among the energy chain actors and business parties. Nevertheless, the results
presented do seem to suggest that some form of financial subsidies or support would be
necessary for the end-users to install SETS.

Finally, it is useful to observe the comparison of SETS benefits brought to the power system
in terms of overall cost savings as compared to DRH in various countries that were modelled
by different partners in the RealValue project (Table 3.14). Though each country case had a
different approach based on the local characteristics and available modelling tools and, more
so important, very different starting levels for the uptake of SETS (or electrical heating) as a
heating source at all, the results are of roughly the same scale and fairly comparable among
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each other. More details on the country-specific case studies and underlying assumptions can
be found in [86].

Table 3.14. Comparison of operating cost savings® (per kWh of installed SETS) for selected
penetrations of SETS in each of the country case studies

Ireland Finland Latvia Germany Germany
(6% SETSvDR)  (20%SETSv (2% SETSvDR)  (1.6% SETS v (1.6% SETS v
1)20) DR) NETS?)
2020 2030 2020 2030 2020 2030 2020 2030 2020 2030
Base 225 157 120 243 124 139 180 174 028 038
HighFuel ;.5 300 150 1690 138 187 0.52
Price
LowFuel 0 151 070 161 115 1.07
Price

5 Operating cost savings only — i.e., for Ireland this does not include capacity value, and for Germany these reflect

results from the dispatch model.
620% SETS in Finland refers to 20% of electrically heated detached homes or approximately 4.4% of the housing

stock by floor area.
7 Non-smart night-time electric thermal storage heaters traditionally use in Germany.
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4. ECONOMIC ASSESSMENT OF RESIDENTIAL-SCALE DR

4.1. Motivation and background

The EU had already set itself ambitious targets for decarbonisation and climate change
mitigation, but on June 2018 a move was made to raise the aspirations even higher by
envisioning a 32% share of renewable energy in the total consumption within the EU by 2030
[87]. However, the increasing adoption of renewable energy resources poses new challenges to
successful and reliable operation of electric power systems. Some of the issues created by
increased penetration of distributed and renewable energy sources (especially solar and wind)
within power systems are caused by the stochastic nature of their energy production, i.e.,
frequency control and balancing issues, also power quality problems, which affect both power
system real-time operation and the planning of future developments on the distribution grid as
well as the transmission network level [88], [89].

While solutions to the emerging issues can be sought on the power generation, transmission
or distribution side, the demand side also offers promising measures for mitigating the
increasing stochasticity of power system operation [14]. Demand response (DR) has been
identified as a particularly attractive tool power system operators could use for system control
and management by offering incentives to consumers via so-called explicit DR where the DR
asset owner is remunerated in either a classic direct control/interruptible load program or from
an ancillary service/capacity market [12], [90], [91]. Furthermore, indirect encouragement of
consumers to adapt their behaviour for overall power system benefit by their voluntary exposure
to electricity real-time prices or some other price-based programs via implicit DR can bring
some effect in coupling consumption patterns to generation availability [92], [93].

There are several benefits DR can bring to the system, e.g., provision of ancillary services,
contingency management, price volatility reduction, investment cost deferral etc. [14], [91],
[37]. While, in general, this topic is widely studied in recent literature in the context of the
ongoing transition to the Smart Grid paradigm [12], there is nevertheless still some uncertainty
in terms of DR implementation. Small individual loads do not have much influence on the
overall system operation, hence their control has to be aggregated to reach the required
minimum balancing power bid size. This is usually done by an aggregator which is an entity
that pools together the flexibility resources of several consumers and offers them to a
marketplace or an operator directly [95].

While the reserve and regulating power markets do offer new and exciting possibilities for
small consumers to participate in developing DR markets, the insufficiently clear rules
regarding resource aggregation provide an apparent obstacle [14], [96]. Luckily, the situation
1s improving and policy-makers and power system operators throughout Europe are working
on more efficient utilisation of potential DR resources. For instance, it is increasingly viewed
as an important and underutilised asset in the Baltic region [97] that could help to improve the
energy independence and diversify the flexibility resources offered on the Baltic balancing
market [98]. Moreover, the EU Clean Energy Package also calls for the involvement of
demand-side resources in all electricity markets.
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How widespread DR implementation can influence the operation of electric power systems
is a subject already extensively studied in the literature. While there are some associated risks
identified (e.g., pronounced rebound effects with time-varying electricity prices [99]), most
sources come to the conclusion that DR programs have the capability to reduce the overall
power supply costs [100]-[103]. However, the economic effect of DR on the DR asset owners
(i.e., householders or businesses with flexible load) is paid somewhat less attention to, some
notable work being presented in [103]-[107]. Furthermore, in some cases, current market
structures and incentives seemingly either fail to provide meaningful economic benefit to DR
asset owners or only result in minuscule profitability [93], [96], [108], [109].

On the one hand, for electricity end-users to become interested in DR provision, they need
to be aware of the potential benefit they can gain. On the other hand, proper incentives need to
be introduced for customers to participate in DR programs. However, the modelling of DR
operation required for economic feasibility evaluation is quite complicated. An important issue
which should not be neglected is load recovery when consumers change their consumption
patterns in the hours following a DR event [110]. Another peculiarity arises when modelling
the flexibility potential of a consumer and uncertainties related to it [111]. Uncertainty is also
a factor concerning the stochastic behaviour of prices in electricity markets and system
imbalances. To that end, Monte Carlo simulations have proven to be an effective approach to
handle modelling uncertainties [112]. Based on the above-mentioned considerations, a bespoke
tool was developed to aid the potential DR providers in assessing the benefits from their
participation in a DR program or electricity market.

4.2. Methodology

For assessment of DR economic potential from the DR asset owner’s perspective, a
software tool was developed using the MATLAB scripting environment [113]. The tool,
DR Assess, establishes the potential economic benefit the owners of controllable load assets
might achieve should they agree to participate in a DR program, for example, by having their
load remotely reduced or increased to meet system balancing needs, thus providing explicit DR.
Development of DR Assess tool was commissioned by the Latvian TSO, “Augstsprieguma
tikls” AS, within the research contract work “Development of mathematical models for
economic assessment of demand-side flexibility resources and activation optimisation of
balancing reserves”. Elaboration of DR Assess took place during 2017/2018.

The main computational principle of this software lies in a Monte Carlo simulation-based
approach for modelling the activations of DR and the related cash flows within a full year of
the asset’s operation. Consequently, the output of the model is in the form of probability
distributions instead of one deterministic result as implying absolute certainty would be
unreasonable when considering future processes.

The sequence of operations performed during a model run can be broadly summarised by
the following steps:

1) day-ahead electricity market price scenario generation;

2) balancing market liquidity and price scenario generation;
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3) balancing activation simulation carried out according to the consumer model and the

generated scenarios;

4) annual economic assessment of DR profitability.

The tool is implemented via a number of software modules which are described in more

detail in the following subsections.

4.2.1. Input module

The overall setup of the model is based on the expected market conditions for DR operation

in the Baltic states. The input settings necessary to run the developed assessment model are

primarily divided into four categories.

L. Firstly, there are parameters which provide an economic description of the DR asset and

contractual conditions of its owner:

asset service life (years) which serves as the timeframe for the NPV and IRR

calculation;

discount rate — the annual percentage decrease in the future value of the calculated

benefits (note: in this application, it is assumed that [discount rate] = [interest rate] —

[price inflation] to consider both the discount (interest) rate and electricity price

inflation);

capital expenditure (CAPEX) to enable asset’s participation in system balancing (€),

e.g., remote control hardware or software, broadband installation etc.;

annual fixed operating expenditure (F-OPEX) to maintain the DR provision ability

(€), e.g., additional bandwidth maintenance, related service fees etc.;

variable operating expenditure (V-OPEX) arising from DR operations. This

parameter allows reflecting the cost for shifted production process or cost of comfort

loss. To better accommodate each specific case study, the user can indicate this cost in
one of the three different approaches:

o €/kWh (of DR affected load) — an energy volume-based expense which depends
on the amount of consumption changed due to DR disregarding the energy recovery
process occurring after DR;

o €/kWh (of unrecovered load) — an energy volume-based expense which depends
on the amount of consumption not recovered following a DR event (unrecovered
load occurs if the recovery factor is other than 1);

o €/activation — an energy-independent expense based solely on the number of times
the DR has been activated;

minimum balancing price for consumption reduction and maximum balancing price

for consumption increase (either fixed €/ MWh or % from the energy purchase price) —

parameters to establish the bid price limits of the DR asset’s participation in the
balancing market;

a binary variable to establish if the owner of the DR asset itself is a balance responsible

party (BRP) or not, which significantly changes how the cash flows are modelled. In

short, a BRP purchases electricity at wholesale and has to ensure that the actual
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consumption matches the planned as close as possible, else imbalance settlements have
to be made. On the contrary, a non-BRP consumer pays only for the actually consumed
(metered) energy and does not need to compensate any imbalance;

an option to select how the energy purchase price (€/MWh) is modelled:

o only day-ahead price IT}, (available for both a BRP and a non-BRP),

o day-ahead with markup in the form £, -IT}, +%, (available for both a BRP and a

non-BRP),
o fixed price derived from the simulated mean day-ahead price plus a markup:

k, -Z;Hga / T +k, (available only for a non-BRP),

o scenario-independent general fixed price (available only for a non-BRP);

optional transfer price which is the price the DR asset aggregator pays to the balance
responsible supplier for causing an imbalance in its portfolio in case of load reduction.
This setting is only available if the DR asset owner is a non-BRP;

share of the TSO payment for load reduction which is passed on to the DR asset owner
(%); implying that the rest of the remuneration is received by the aggregator, BRP or
another unspecified party.

II. Secondly, a technical description of the DR asset’s hourly load and its flexibility has to

be provided. This can be done either for a typical day or a typical week if applicable and with

up to four distinct profiles to capture seasonality (i.e., the modelled year can be divided in four

three-month periods).

As the DR activations are modelled with an hourly resolution, the most important

parameters here are:

the maximum permitted number of DR events in a day or week;

the minimum time distance between any two DR events (hours);

load flexibility direction for balancing (reduce, increase, both);

minimum and maximum duration of a DR event (hours);

maximum duration before load recovery (hours);

load recovery factor (coefficient, where 1 implies that all the load reduced/increased
during a DR event has to be recouped (increased/reduced) in the following hours.

The meaning of these settings is better explained in Fig. 4.1, where green colours denote a

DR event and red — the recovery.
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Fig. 4.1. Explanation of some of the DR modelling terms used.

Note that the distance between two events is the time between the end of last recovery and
beginning of the next DR activation. The area ratio between the green and red figures depends
on the recovery factor, which can be selected different for the load increase and load reduction
DR events. The hourly load profile with hourly upwards and downwards flexibility
concludes the full technical description of the DR asset.

III. Thirdly, there are settings concerning the generation of day-ahead price scenarios (Fig.
4.2):

e expected mean price (€/MWh) for the normally distributed hours;

e expected ratio between the mean weekday and holiday price;

e cxpected ratio between the mean day and night price (night defined as 22:00-6:00);

e expected minimum price (€/MWh);

e expected maximum price (€E/MWh) for the normally distributed hours.

For each scenario, these parameters are drawn from a normal distribution. Two more
parameters ensure that the resulting price distributions more closely follow the skewness with
right tail traditionally observed in electricity wholesale spot prices:

e percentage of hours where peaks outside the normal distribution occur;

e the expected maximum of such peaks (€E/MWh).

All the above-mentioned parameters for price generation additionally have individually
selectable standard deviations to ensure better controllability of the price scenario generation

mechanism.
Expected value Std dev
MEAN 99.5% 34.34 €/MWh 10%
MEAN weekday / MEAN holiday 1.22 10%
MEAN day / MEAN night 1.38 10%
MIN 100% 3 €/MWh 10%
MAX 99.5% 130 €/Mwh 10%
MAX 100% 200 €/MWh 10%
% of hours with PEAKS 0.5% 10%

Fig. 4.2. Settings for DA price scenarios (screenshot from DR Assess).
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IV. Finally, certain input parameters are needed to model the balancing market scenarios:

e expected balancing market liquidity (percentage of hours within a year when the
power system operator seeks to activate the manual frequency restoration reserves
(mFRR); in general, the balancing market can have demand for either upward or
downward balancing or no demand for balancing within an hour);

e upper and lower bounds of the market liquidity to ensure that in none of the scenarios
generated the liquidity is drawn from outside this range;

e ratio of negative imbalance hours from all the hours with system balancing.

For those hours when balancing is required, the balancing price scenarios are drawn based

on the previously generated day-ahead prices. The additional settings controlling the generation

of balancing price scenarios are:

e the expected ratio of hourly balancing price vs day-ahead price separately for
negative and positive system imbalance;

e probability of extraordinarily high balancing price peaks;

e the maximum ceiling for extraordinary balancing prices (€/MWh).

4.2.2. Day-ahead price scenario generation

The input parameters described in the previous subsection related to the day-ahead prices

are used to generate a pre-selected number of hourly day-ahead price scenarios for a whole

year. The day-ahead price generation algorithm proceeds as follows.

1.

From a normal distribution, draw price generation settings for each particular scenario
(mean, min, max, ratios etc.) using the expected values and standard deviations read from
the input parameters.

2. For each scenario s, ensure that the drawn mean, min and max settings are not contradictory.

. For each hour category within each scenario, calculate a coefficient £° necessary to enforce

the weekday/holiday and day/night ratios (R, and R;_) for weekday nights (4.1), weekday
daytime (4.2), holiday nights (4.3) and holiday daytime (4.4) where IT};™* is the drawn mean

day-ahead price in scenario s:

_R;;m-Hjjvg/(Z/7+5/7'R{q~m). 4.1
= 13+2/3R,, ’ |

S
k w,n

oo R T/ (2745/7-R,) 42

o 1/3+2/3-R;, '

1 (2/7+5/7-R2,). “y
1/3+2/3 R}, ’ '

s _
kh,n -

o .ngvg/(2/7+5/7-R;m)
b 13+2/3-R),

(4.4)
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. For each hour ¢ in each scenario s, generate day-ahead price IT;™* (4.5), while ensuring it

does not violate scenario minimum and maximum restrictions (4.6):

Hs,avg _Hs,min
I} = max{N(kf, —

,H;;“‘"} @5)
I = min 1131, 11 | o

. Smoothen the generated time series with a moving average filter with a span of five elements
(hours).
. Enforce the expected mean on the smoothened price:

S, TeXp,avg
H da H da

st
IT = i(i I j . 4.7)
=
. Finally, in each scenario, for & .. (%) of hours add an increased price event:
Hfi;l — Hfi:: + Hz,:xtra max H.(ylilnorm max . (48)

4.2.3. Balancing market liquidity and price scenario generation

The balancing market liquidity and price scenarios are generated as follows.

. For each scenario, draw the balancing market liquidity (% of hours where TSO might request
DR) parameter from a normal distribution.

. Ensure that the drawn values respect the upper and lower bounds; if they do not, replace the
value with the violated bound.

. Since the model runs with hourly resolution, each hour when there is a demand in the
balancing market has to be assigned either direction — upwards or downwards balancing.

. Generate upwards and downwards balancing prices for each hour in each scenario:

03 4 =115 min (LN (Ryps (R =1)/3)) (4.9)

IT3 g =TT, -max (L N(Rdwn/da (1= Ry )/3)) - (4.10)

. Combine the two timeseries for each scenario as per the hourly imbalance direction to obtain
one balancing timeseries per scenario.

. Add the extraordinarily high balancing price peaks according to the probability set in the
Input module.
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4.2.4. Balancing activation simulation

When all the required day-ahead electricity market price and balancing market scenarios
have been generated, they can be paired to simulate the activation of balancing reserves. All
the created Monte Carlo scenarios are assigned equal realisation probabilities.
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Pass data to economic
assessment module

End

Fig. 4.3. Simplified visualisation of the DR activation simulation algorithm.

The purpose of this module is identifying the hours when the modelled DR asset can
participate in balancing and when the energy recovery post-DR takes place. The program
iterates through each scenario sequentially checking each hour to test if activation conditions
are met. The overall DR activation simulation algorithm in a simplified manner is summarised
in Fig. 4.3.

In the first conditional test block, all of these conditions have to be met:

e the minimum time distance since the previous DR activation is respected,

e the number of DR activations in the current day/week does not exceed the limit;

e there is demand for balancing reserves in the system coinciding with the direction the

DR asset owner is willing to provide services in (load reduction/increase);
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e the DR asset has flexibility in the particular direction during the particular hour;

e the balancing price falls within the DR asset’s bid limits;

e there is enough flexibility in the following hours for DR energy recovery while
respecting the max duration before load recovery constraint (only relevant if the load
recovery factor is nonzero).

During the subloop with the second conditional block, it is tested if the duration of the DR
event can be increased to more hours (the same conditions are checked with an additional test
against the max duration of a DR event variable). Finally, it is checked whether the potential
DR event duration meets the minimum limit.

Afterwards, if a DR event has been identified, information about it is passed on to the
economic assessment module.

4.2.5. Short-term economic assessment

The formulae (4.11)—(4.16) are used to calculate the cash flows associated with a simulated
DR event. They depend on the direction of the DR-induced load change and the balance
responsibility status of the DR asset owner. The benefit is derived by contrasting the cash flows
with and without DR. Beforehand, however, the energy purchase price timeseries are produced
as mentioned in Section 4.2.1.

Variable tDR denotes the set of hours when the DR event takes place and, consequently,
frec denotes the set of hours when the recovery takes place. Since, theoretically, the DR event
and recovery can span multiple hours, the multiplications in the following equations are implied
to be matrix operations.

Benefit from load reduction if the DR asset owner is a BRP is composed from the income

from the sold balancing energy (at balancing prices) and expenditure for recovery energy (at
balancing prices):

Bred‘

BRP

_ 1s.tDR s,tDR s, trec s,trec
_EDR ><1_[bal _Erec ><l_[bal . (411)

Note: in equations (4.11)—(4.24) the variables Ejp " and E5'

. contain the absolute values
of the DR and recovery energy respectively, i.e., they do not contain information on the process
direction, which instead is handled by heuristically choosing the appropriate equation. This is
an effect of the program realisation and the mathematical description could easily be
transformed to be more general. Nevertheless, the reader should be advised that the respective
variables for demand response energy (4.12) and recovery energy (4.13) can be generally

expressed as:

< : —d |,
B = e [+ . 412)
e I FE A (4.13)

where d =—1 for load reduction DR event and d =1 for load increase DR event.
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Benefit from load increase for a BRP depends on the expense for the procured balancing

energy during the DR event and income from sold balancing energy during the recovery:
incr. s,tDR s,tDR s,trec s,trec
BBRP = _EDR X Hbal + Erec X 1_[bal . (4 14)

For a DR asset owner who is not balance responsible, the benefit from load reduction

derives from the income from sold balancing energy, savings from load reduction during the
DR event (at retail purchase price since, unlike BRP, the owner has no obligation to balance
their portfolio) and expense for recovery energy (at purchase price):

red. _ s,tDR s,tDR s,tDR s,trec s,trec
B ore = Epy X(Hbal +11 )_E xIT . (4.15)

rec

Finally, for a non-BRP, the load increase cash flow components are the expense for

procured balancing energy (at balancing price) and the savings from load reduction in the
recovery phase (at purchase price):

incr. _ s, tDR s,tDR s, trec s, trec
BnonBRP - _EDR ><1_Ibal +Eec ><I_Ipp : (416)

T

The benefit from load reduction and/or increase is contrasted to the fixed and variable
OPEX to establish the overall benefit from participation in DR in each scenario throughout the
whole year.

Furthermore, for the ease of understanding the different cash flow sources, additional effort
was made to partition and represent graphically the total net annual revenue in four main
components listed below (for an illustration of this division see Fig. 4.32 and Fig. 4.33):

1) balancing market — the benefit arising directly from the balancing market (i.e., the
received payment for the balancing energy or the difference in costs of purchasing
electricity normally vs at the balancing prices). Expressions for load reduction (4.17)
and load increase (4.18) DR:

red., bal. mar. __ s,tDR s,tDR s,tDR
B = (TP —a- TP ) E" (4.17)
incr., bal. mar. __ s,tDR s,tDR s,tDR
B = (TP — T )x E™, (4.18)

where the binary variable a denotes the BRP status of the DR asset owner (1 = yes
and 0 = no);

2) saved energy — the benefit (or expense) arising from the efficiency increase (or
decrease) observed during demand response events. Expressions for load reduction
(4.19) and load increase (4.20) DR:

Breds-en. _ (1 — ke ) - ESPR % H;;DR , (4.19)
Bincn, s.en. (krl:;r _ 1) . ES’;DR X H‘;gDR ; (420)

3) price fluctuation — the benefit (or expense) arising from the price differentials during
the recovery phase compared to the time of the DR event. Expressions for load
reduction (4.21) and load increase (4.22) DR:
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Bred, p. fluct. — (H;,ptDR —a- H;;tlrec _ (1 _ a) . H;grec )X E];’];DR . kred. (421)

rec ?

incr., p. fluct. __ . s,trec. _ . s,trec s,tDR s,tDR . incr.
B =(a- T —(1—a) T —TI ) By - (4.22)

rec 2

where coefficient k" and k'™ is the load recovery factor after DR activation;

4) F+V OPEX — the fixed (input) and variable (calculated according to the selected
OPEX type) operating expenses related to participation in DR (COpeX );

5) total — the sum of the previous four revenue and cost components (balancing market
+ saved energy + price fluctuation — F+V OPEX):

Bsum :Bred., bal. mar. +Bred., s. en. +Bred., p. fluct. +Bincr., bal. mar. +Bincr., s. en. +Bincr., p. fluct. —C . (423)

opex

Important note on the influence of the TSO payment share coefficient, kshm , and transfer

price settings. If the TSO payment share coefficient setting is below 100% and/or the selected
transfer price is nonzero for a non-BRP, the compensation received by the asset owner for load
reduction DR (income from sold balancing energy) is decreased as follows:

B <TI0 — Bk x (TG T8 ). (424)

bal transf

This transformation accordingly changes the variable Hf,;tlDR in equations (4.11), (4.15) and
(4.17) .

4.2.6. Long-term economic assessment

The modelling outcome from the one-year run is extrapolated to further years for the whole
service life of the DR asset (y years) by applying the previously selected discount rate d. Several
widely used investment assessment metrics are calculated in this step, such as the net present
value (NPV), internal rate of return (IRR) and payback period (PP).

The NPV calculation is carried out according to:

asset

service life sum
NPV =—CAPEX + v 495
2 (1+d) (425)

The IRR is found by solving the NPV =0 equation for the discount rate d as the variable.

The PP is found by increasing the NPV equation’s iterand y up to a point where the NPV
first becomes positive.

Note: it is assumed the initial investments (CAPEX) are made at year 0 and the asset starts
participating in DR at year 1.

Once the long-term assessment is finalised, the calculation results are summarised and
output to figures and data tables.

The tool DR Assess has been used for the economic assessment of DR-enabled smart
electric heating, assessment of the influence of flexibility modelling parameters as well as for
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analysis of the impact of implicit DR on the provision of explicit DR. The results are presented
in three distinct case studies below.

4.3. Case study I: participation of residential DR in balancing market

This section presents the first case study performed with the DR Assess tool. The model
tackles uncertainties in electricity market prices and system imbalance by employing Monte
Carlo simulations. While the model provides vast customizability options, this case study is
focused on the potential demand response benefits for a particular type of consumer with smart
electric thermal storage. It is found that participation of DR in the balancing market can be
economically feasible for the asset owner, but on the condition that sufficient proportion of the
balancing remuneration is shared with the owner by the aggregator.

4.3.1. Assumptions

The case study aims to apply our developed software tool for the economic assessment of
smart electric thermal storage (SETS) participation in DR. The subject of the study is a
hypothetical household having five SETS devices at their disposal with 2.2 kW input power
and 15.4 kWh storage capacity each. The owner is not balance responsible and is willing to
participate in both upward and downward DR (which requires the SETS equipment to never be
disconnected from the outlet and the gateway). We assume the asset service life is 15 years,
discount rate — 3%, CAPEX — 200 € (to cover gateway costs) and annual F-OPEX — 20 €
(service and other related costs). For simplicity sake, it is implied for now the householder
purchases electricity at wholesale price. It is also assumed that the aggregator passes on to the
DR asset owner the full amount of TSO payments for load reduction (however, the effect of
this assumption will be explicitly addressed).

In regard to the load profile and flexibility, we set a maximum number of 14 DR
activations per week but do not restrict the time between them. In this study, we do not allow
for multi-hour DR events. Maximum duration before load recovery is set to 12 hours and the
recovery factor is set to 0.9 both for load reduction and increase (this implies some energy
savings in case of load reduction and some wasted energy in case of increase).

The seasonal heating demand data is derived from building thermal modelling presented in
Chapter 2, where it was seen that the overall heating demand in summer, spring and autumn is
approximately 10%, 50% and 20% of the winter demand respectively. Consequently, we
assume that, in summer, there is one SETS unit that charges 2..5 hours a day, can be
disconnected anytime during the charging and another unit can be turned on whenever
necessary.

In autumn, one SETS unit charges for the full seven hours but can be disconnected at
request; the other remaining units can be switched to charging when necessary. In winter, four
of the five units are in full operation; in spring — two, in either case, the operational units can
be switched off and any idle units — set to charge.
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An example of the load profile and flexibility settings for a winter week is shown in Fig.
4.4. By default, the SETS is designed to charge during the first seven hours of the day (00:00—
06:59) at 0.8 pu® power (since only four of the five units are used). During the charging hours,
it has some flexibility in both directions: load increase by 0.2 pu, decrease by 0.8 pu. Starting
from hour 8, only the load increasing flexibility remains.

The actual load profile, however, depends on the DR events experienced (if any) and the
subsequent recovery after DR. This is illustrated by weekly charts in Fig. 4.5 and daily charts
in Fig. 4.6.

Load profile and flexibility
10
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-10
0 8 16 0 8 16 0O 8 16 0 8 16 0 8 16 0 8 16 0 8 16
B Consumption M Increase ™ Reduction

Fig. 4.4. Load profile and flexibility settings for SETS in a winter week (vertical axis: power,
pu; horizontal axis: hour of day).
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Fig. 4.5. Simulated load profile with/without DR and DR events of SETS in a selected week.

8 pu — per unit from the rated power. In this case, 0.8 pu=0.8 x 2.2 x 5 = 8.8 kW.
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Fig. 4.6. Simulated actual load profile and DR events of SETS in a selected day.

The day-ahead price scenario generation settings for this case study were derived from the
analysis of the Nord Pool Latvian bidding area prices during the period of 01.06.2017—
31.05.2018. Expected mean price for 99.5% of hours is 37.75 €/ MWh, expected maximum
price for 99.5% of hours — 119.5 €/ MWh, expected ratio between the mean weekday and
holiday prices — 1.25, expected ratio between mean daytime and nighttime prices — 1.44,
expected minimum price — 1.59 €/ MWh, expected rare maximum — 255 €/MWh. A total of
1000 price scenarios are generated.

The balancing scenario settings were derived from the common Baltic balancing market
data (the market was launched on 01.01.2018). The expected balancing market liquidity i1s
64.97%, the ratio of negative vs positive imbalance hours — 0.44, the expected balancing price
during positive system imbalance — 0.58 pu from the day-ahead price, the expected balancing
price during negative system imbalance — 1.49 pu from the day-ahead price. Zero extraordinary
balancing price events are assumed.

The generated hourly day-ahead market and balancing prices across all the thousand
scenarios are summarised in Fig. 4.7.
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Fig. 4.7. Day-ahead and balancing market price histograms.

4.3.2. Results and discussion

Though the simulation results imply there have been much more DR activations for load
increase than for load reduction (on average, 452 times for increase and 199 for reduction, see
Fig. 4.8), Fig. 4.9 suggests that the reduction operations have been overall more economically
beneficial (scenario average of 46.50 € vs 12.71 €). This is also reflected in the specific benefit
in respect to provided DR energy — on average, mere 3.92 €/ MWh for increase vs 49.80 € MWh
for reduction (Fig. 4.8). It can primarily be explained by two factors, the additional positive
cash flow component in case of load reduction (Fig. 4.9) and the initially assumed load recovery
factor 0.9 for both directions, which implied that load increase DR is slightly wasteful in terms
of energy consumption.

Annual balancing market liquidity and DR events (1000 scen.)

Demand for DR (% of hours/a) DR events (hours/a) DR energy provided (MWhia) Specific annual benefit from DR (€MWh)
1 mean: 36%, median: 36% 1 mean: 452 hours/a, median: 452 hours/a " mean: 3.25 MWh/a, median: 3.25 MWhia 1 mean: 3.92 €MWh, median: 3.83 EMWh
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Fig. 4.8. Summary of the annual demand for DR, simulated DR events and benefit thereof.
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While the average NPV is at 268.10 €, Fig. 4.9 and Fig. 4.10 nevertheless show that there
are some scenarios (3.6%) where the NPV is still negative at the end of the selected service life
(15 years). The average IRR is 17.56%. The average payback period is thus 7.23 years while
the median is 6 years, which signals that the outlier scenarios are likely skewing the mean.
Indeed, Fig. 4.11 shows that some of the outlier scenarios have not reached payback even by
year 20.

Nevertheless, while an expectable 268.10 € benefit accumulated during a 15-year period is
not necessarily very enticing for a whole household to allow remote control of their heating
equipment, this result does serve as valuable first insight in the assessment of the economical
potential of participation in explicit DR on a dwelling level.

A note should be made, however, that the initial assumption of a household in Latvia
exclusively heated by SETS devices is not strictly realistic since even conventional electric
heating which could be replaced is not currently widespread in Latvia and SETS is on a
significantly higher price range than conventional heaters. If the SETS device costs were also
included in DR CAPEX calculations, payback would not be possible.

Load increase (DR): Recovery after DR: Annual benefit from DR:
expense for procured bal. energy savings from load reduction load increase
mean: 77.50 €, median: 77.73 € 1 mean: 90.21 €, median: 90.48 € 1 mean: 12.71 €, median: 12.39 €
Z
3
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) A= Al S
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Load reduction (DR): Recovery after DR: Load reduction (DR): Annual benefit from DR:
income from sold bal. energy expense for recovery energy savings from load reduction load reduction
mean: 45.99 €, median: 46.11 € 1 mean: 30.38 €, median: 30.35 € 1 mean: 30.90 €, median: 30.99 € 1 mean: 46.50 €, median: 46.67 €
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Fig. 4.9. Economic assessment for a single modelled year.

Payback period (PP)

Net present value (NPV) Internal rate of return (IRR) In 3.6% of scen., PP exceeds 15 years.
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Fig. 4.10. Long-term economic assessment for the asset service life (15 years).
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Fig. 4.11. Cumulative cash flows in all the simulated scenarios.

Impact of the payment sharing on SETS DR feasibility

Additionally, the assumption that 100% of the TSO payment for load reduction is received
by the DR asset owner is objectionable. To alleviate this limitation of the study, we completed
several additional model runs with all the same input data only varying the share coefficient.
The results from the repeated runs are summarised in Table 4.1. Evidently, the share of TSO
payment the DR asset owner receives has to be higher than 50% for the participation in an
explicit DR program to be economically meaningful.

Table 4.1. Effect of benefit-sharing on DR feasibility

TSO payment Long-term assessment parameter
share passed to the NPV, € IRR, % PP, years % of scenarios w'here
DR asset owner mean / med. payback not achieved
100% 268.10 17.56 72/6 0.0
90% 209.37 14.57 85/7 0.0
80% 149.28 11.32 11.2/8 0.0
70% 101.08 8.57 15.1/10 0.7
60% 3543 4.37 229/13 2.0
50% —6.85 1.47 30.0/16 34

4.4. Case study II: sensitivity analysis of DR resource modelling parameters

To incentivise residential-scale customer participation in explicit DR, it has to be possible
to provide them with a sufficiently accurate assessment of the potential economic benefits they
might gain from it. However, such an assessment necessarily requires good knowledge of the
technical flexibility of the consumption and parameters characterising it. To that end, the
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authors of [111] offer an empirical methodology to obtain a full probabilistic characterisation
of residential consumers’ flexibility. Their approach is based on quantile regression, but the
findings suggest that there is potentially very high variability between different individual
flexibility profiles. Furthermore, it is strongly dependent on factors like the number of
occupants, baseline consumption and even the education level of consumers.

A flexibility indicator to be extracted from aggregate residential customer load patterns is
proposed in [114]. It is found there that the flexibility levels become more prominent with a
decrease in customer aggregation. The authors of [107] also propose a specific parameter —
flexibility ratio, which represents the average degree of flexibility in shifting an appliance
within its operating time window. These studies, as well as [105], [106], [109] strive in favour
of a stochastic approach to demand flexibility assessment and DR modelling.

In this case study, the DR Assess tool is used to analyse the impact of various flexibility
characteristics and constraints. It is found that some of them significantly affect the results,
whereas others have minuscule influence. The case study analysis, based on a typical
consumption profile of a DR resource able to reduce its load on-demand, allows concluding
that a householder without significant thermostatic loads has relatively small economic benefit
from participation in explicit DR.

One of the main assumptions (and input parameters in DR Assess tool) in modelling a
specific DR resource is the load recovery factor. In this study, it is defined as the ratio between
the recovered energy and the DR energy. Essentially, this expresses energy savings (or
conversely, efficiency losses) the customer achieves as a result of providing DR. Thus, the
impact this setting has on the simulations is evident and it is not warranted to perform sensitivity
analysis on it. The impact of several other flexibility modelling settings is, however, worth
assessing. Therefore, sensitivity analysis is performed for the following settings:

e the minimum time distance between DR events;

e the maximum time before load recovery;

e the maximum number of DR events in a week;

e the minimum duration of a DR event;

e the maximum duration of a DR event;

e consumption flexibility (the percentage change of the hourly consumption which can
be incurred due to DR activation or post-DR recovery).

The sensitivity analysis is carried out by repeated model runs wherein all the case study
input data and model settings remain unchanged, except for the parameter to be analysed, which
is, instead, varied in a certain range. The impact of each parameter is thus assessed by
comparing the simulation results, both the total economic benefit from DR and the specific
benefit per unit of energy served in DR.

4.4.1. Assumptions

Statistical parameters for day-ahead price scenario generation are derived from the
historical prices in the Latvian bidding area of Nord Pool during the last 12 months at the time
of performing these calculations —01.11.2017-31.10.2018. Price scenarios are generated based
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on the following indicators: minimum price 1.59 €/MWh, the 99.5™ percentile 100.06 €/ MWh,
maximum price 255.03 €/MWh, mean of the values up to the 99.5" percentile 45.81 €/ MWh,
mean ratio of weekday and weekend prices 1.21, mean ratio of daytime and nighttime prices
1.39. Subsequently, these are set as the scenario expected values with a 10% standard deviation
for all of them.

The balancing market liquidity and balancing price generation settings are derived from the
statistics of the common Baltic balancing market from 01.01.2018 until 31.10.2018. Expected
balancing market liquidity for mFRR is 63.08% (i.e., demand for mFRR is expected in 63.08%
of hours per year), ratio of hours with negative vs positive system imbalance 0.49, expected
ratio of the day-ahead price vs balancing price at positive system imbalance (surplus) is 0.64
and at negative system imbalance (shortage) 1.87.

Furthermore, we assume that the DR asset owner is exposed to a dynamic retail tariff equal
to the day-ahead price and affixed renewable support, trade commission and grid tariff
components amounting to a total of 62.91 €/ MWh fixed addition to the varying day-ahead price.
Besides that, a value-added tax (21%) is applied to the total sum of tariff components.
Moreover, being a residential customer, the DR asset owner itself is not a balance responsible
party.

Since the subject of this study is not a particular DR-enabled technology, we utilise an
anonymised aggregated load profile of residential end-users from smart meter data library [62].
Since the DR Assess tool allows for the representation of four distinct weekly load profiles, we
generate different load profiles with the mean hourly consumption values (Fig. 4.12) and scale
them to a maximum hourly consumption of 2 kWh, representative of an average-sized
residential household in Latvia.
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Fig. 4.12. Weekly consumption profiles in different seasons.

The flexibility at each hour is set in a simplistic manner by selecting a percentage from the
hourly consumption which can be reduced for DR or increased for load recovery, the latter of
which is constrained by the maximum consumption. Thus, instead of simulating specific home
appliances (e.g., large thermostatic loads), we assume some flexibility in the overall
consumption profile. Unlike the previous case analysis, this study only considers load reduction
DR, as it is a more realistic scenario for householder-scale DR. Thus, a portion of the total load
is considered delayable. Furthermore, 10% energy savings during explicit DR activation are
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assumed, or, in other words, the recovery factor is set to 0.9, implying that not all of the con-
sumption reduced during DR has to be recouped afterwards. This way we can model an effect
resembling both load shifting and shedding, respecting the consumer flexibility bounds.

4.4.2. Results and discussion

Base case

For the base case, let us test how profitable such an explicit DR program for power system
balancing (mFRR) would be to a consumer with the assumed load (Fig. 4.12) and seemingly
adequate flexibility modelling settings: minimum time distance between DR events — 0
(unconstrained); maximum time before load recovery — 12 hours; maximum number of DR
events in a week — 14; minimum duration of a DR event — 1 hour; maximum duration of a DR
event — 1 hour; consumption flexibility — 5%. The results of a model run with 1000 Monte Carlo
simulations are summarised by probability distributions in Fig. 4.13 and Fig. 4.14.

DR events DR energy Specific benefit (E/MWh)
mean: 736 hours/a mean: 0.05 MWh/a mean: 105.77 € MWh
0.4 0.4 0.4
2
=03 0.3 0.3
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'S 0.2 0.2 0.2
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0.1 0.1 0.1
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Fig. 4.13. Probability distributions of simulated DR activations (base case).
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Fig. 4.14. Probability distribution of the DR asset owner’s annual benefit (base case).

Evidently, in the base case, participation in explicit DR program provides a very small
benefit to the DR-enabled asset’s owner. Furthermore, this calculation does not account for any
variable or capital expenditure necessary to implement and maintain the DR capability.
However, this is in line with some previous studies where the benefit from DR to residential
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load was estimated in single digits (e.g., 1 €/annum for 2% load shifting or 6.5 €/annum for
15% load shifting in [93]).

Furthermore, the energy provided to the TSO for balancing purposes is fairly small with the
mean being only about 50 kWh annually. However, while such an amount of energy, of course,
does not noticeably aid in power system balancing, the prior assumption was that this is only a
part of a larger aggregated mFRR offer to the TSO. The scope of this case study envisions to
look at the flexibility modelling and DR economic assessment issue strictly from the
householder point of view, i.e., in a disaggregated manner.

Sensitivity analysis

Results of the sensitivity analysis are summarised in Fig. 4.15 to Fig. 4.20, wherein the
points corresponding to the base case are marked by a red cross. The average annual benefit in
the simulated scenarios is portrayed with a blue line, whereas the average specific benefit per
unit of energy served as DR for power system balancing is illustrated with an orange line.

Evidently, increasing the required minimum time distance between two explicit DR
activations tends to decrease the annual benefit obtainable (Fig. 5). However, this effect is not
so pronounced with the constraint values from 0 to 5 hours (with corresponding resulting
benefit from 4.97 € to 4.88 €), beyond which the profitability starts to decrease more obviously.
This can seemingly be explained by two factors. Firstly, the actual number of DR activations
also decreases rapidly if the constraint is above 5, thus resulting in less total energy served in
DR. Secondly, as the average specific benefit line portrays, the DR energy becomes less
valuable the higher the constraint is. In fact, two distinct cases can be observed: if the minimum

time distance constraint is in the range of [0; 5], the average specific benefit is roughly
106.00 €/ MWh, whereas in the range [9; 24] it is about 102.29 €/ MWh.

0 5 10 15 20 25
Min. time distance between two DR events, hours

Fig. 4.15. Sensitivity of model results to min time between DR events.

As can be seen in Fig. 4.16, the constraint for the maximum time before load recovery does
not have a noticeable effect on either of the simulation result indicators. This is likely explained
by the fact that the modelled consumption mostly always had sufficient flexibility in the
direction opposite to DR in the next few hours following the DR event. Thus, the recovery
effect could always start right after the DR event itself. In fact, this suggests that this constraint
should be redefined to limit the time for completion of the recovery effect as opposed to the
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beginning of it. This would likely be far more useful in DR flexibility modelling, but a further
study is necessary to confirm this assertion.

f i

0 5 10 15 20 25
Max. time before load recovery , hours

Fig. 4.16. Sensitivity of model results to max time before recovery.

On the other hand, the next parameter analysed, the maximum number of DR events in a
week, shows a lot clearer and straightforward picture (Fig. 4.17). Indeed, the more DR
activations are allowed, the more remuneration is received resulting in an almost linear curve
for the annual benefit. Evidently, this constraint is always active in the simulations, effectively
designating the number of activations to be modelled. This arises from the fact that almost every
modelled activation provides a net positive benefit even if it is minuscule. If variable costs were
taken into account and reflected in the bid price, the activations would be performed less often.

The specific benefit per unit of DR energy served (Fig. 4.17) also rises with a higher
maximum number of DR events allowed in a week. However, it seemingly saturates at about 4
events a week already. If relatively few activations are allowed, the likelihood increases of them
being carried out in suboptimal time.

0 5 10 15 20 25
Max. number of DR events in a week

Fig. 4.17. Sensitivity of model results to max activations a week.

The impact of the next two parameters, minimum and maximum duration of a DR event, is
summarised in the surface charts, Fig. 4.18 and Fig. 4.19. It should be noted however that values
of these constraints exceeding 1 are not realistic in the Baltic balancing market mFRR
framework, but instead can denote hypothetical future purpose-specific flexibility markets for
long-duration DR. Evidently, the most profitable case is when the minimum constraint is set to
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2 hours and the maximum to 5 (Fig. 4.18). Conversely, the specific benefit is the highest when
the minimum constraint is set to 1 and the maximum to 5 (Fig. 4.19). On the one hand, the wide
temporal range of the DR event duration allows to increase the prospective profitability of DR;
however, the longer a DR event is, the longer also the recovery period will be exposing the
asset owner to more price volatility risks. The minimum DR event duration of 2 hours provides
the best overall benefit likely because it balances the aforementioned long duration price
variability risks with the overall higher DR energy that can be served compared to the case
where the minimum duration is 1 hour but the number of activations per week limit remains the
same. Thus, higher amounts of balancing energy provided by DR result in improved overall
benefit despite lower specific benefit per balancing energy provided.
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Fig. 4.18. Annual benefit depending on DR event duration constraints.
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Fig. 4.19. Specific benefit depending on DR event duration constraints.
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Finally, the last flexibility modelling parameter analysed, the percentage of total
consumption offered to DR, shows a nearly linear characteristic (Fig. 4.20). It follows that the
more flexibility a DR-ready consumer offers, the more overall profitability they can expect. Of
course, flexibility above the 5—15% mark is hardly realistic for a household, unless a significant
part of their consumption comes from large thermostatic loads (e.g., electric heating) that have
controllability potential. Nevertheless, these results being as expected aids in validating the
overall performance of the model.

0% 20% 40% 60% 80% 100%
Consumption flexibility

Fig. 4.20. Sensitivity of model results to consumption flexibility.

4.5. Case study III: analysis of the potential benefits from participation in
explicit and implicit DR

Participation of DR in ancillary services (i.e., explicit DR), which was the focus of two
previous case studies, is not the only way to benefit from load controllability. Implicit DR,
when consumers voluntarily adjust their consumption according to external price signals (e.g.,
optimising load schedule as per hourly electricity prices), can also provide notable benefit [93],
and the entry barriers are significantly smaller, e.g., no definitive need for aggregation.
Technical capability to reschedule load and incentivising tariff structure are the only
requirements for implicit DR.

Therefore, the final case study performed with the DR Assess tool is focused on analysing
the profitability of participation in both explicit and implicit DR from the perspective of the
owner of flexible load assets on a householder level. Furthermore, it is tested whether price-
based optimisation of the flexible consumption schedule negatively affects the ability and
profitability of participation in explicit DR, particularly focusing on the balancing market. The
investigation, based on DR-enabled smart electric thermal storage heaters, allows concluding
that implicit DR does not necessarily hinder the ability to provide ancillary services to the power
system. Instead, it adds a supplemental benefit to the asset owner. Besides, an investigation on
the “optimal” number of Monte Carlo scenarios to be used is carried out and some
considerations regarding the bidding strategy of the DR asset owner are provided.
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4.5.1. Methodology for assessing the benefit from implicit DR

For assessment of the potential benefit obtainable from participation in explicit DR
programs for system balancing, the methodology introduced in section 4.2 is employed. The
benefits from explicit DR thus are calculated using equations (4.11)—(4.24). However, it is
reasonable to assume that a consumer possessing some amount of consumption flexibility
would primarily be interested in taking advantage of the time-varying electricity prices. For this
purpose, the DR economic potential assessment model has been enhanced with the ability to
assess also the benefit from implicit DR (i.e., purchasing electricity at dynamic hourly prices
which are known the day before) as shown in Fig. 4.21.

Electricity day-ahead price scenario generation
U
Day-ahead rescheduling
A
Balancing market liquidity & price scenario generation
A
Balancing activation simulations

L
Annual economic assessment

Fig. 4.21. DR Assess algorithm structure with implicit DR.

In essence, sequential day-ahead optimisation is performed for the whole year with the

objective to minimise electricity purchase costs:
24

Y (Esr +AE,)-Tl,,, — min, (4.26)
t=1
subject to
Eqy, SAE SERT (4.27)
24
D> AE, =0, (4.28)
t=1

where Eony — the original, unoptimised energy consumption at hour ¢

cons.t
AE, (the optimisation variable) — the change in hourly consumption for cost
minimisation;

[T, — electricity retail price at hour ¢, and Ej.,

ex.t 2

E — the lower (load reduction) and upper (load increase) bounds on the available

consumption flexibility at each hour.
The constraint (4.28) ensures that the total daily consumption remains unchanged. The
optimisation problem (4.26)—(4.28) is clearly linear and can be solved with a simple linear
programming approach. For that, the MATLAB interior-point algorithm is used (with a switch
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to the slightly more time consuming dual-simplex algorithm for the edge cases the previous
algorithm fails to resolve).

When the day-ahead price-based rescheduling is modelled, the flexibility profiles available
for balancing are readjusted accordingly before performing explicit DR activation simulations.
The overall consumption flexibility bounds remain the same, while the load profile is changed
as per the results of the price-based optimisation. The annual benefit from implicit DR is
estimated by contrasting the consumed electricity costs with and without rescheduling. For both
explicit and implicit DR, the resulting annual benefit is obtained in the form of probability
distributions, since it accounts for all scenario results. Thus, the scenario mean is the expected
benefit.

4.5.2. Required number of scenarios

The results of the model and their credibility strongly depend on the number of Monte Carlo
simulations performed. However, evaluating a high number of scenarios can demand
significant computational resources. Thus, a compromise between precision and evaluation
time has to be found.

Fig. 4.22 illustrates the differences in results of model runs with a varied number of
scenarios (ten runs with each number to distinctly illustrate the dispersion of results). The green
dots represent the deviation of each model result (expected benefit) from the overall average.
The violet line, however, represents the mean calculation time of the runs.

% 20% 1 - 2000 =
Q ° Q
2 15% { ¢ L 1500 £
5 . 8 =
_S:’ 10% A - 1000 <
Eos%l L, L 500 %
O [ ]

LE- 0% : (] : i : ] ; v v 0 E
S T L s
§ 0% 4 e

é) AN 5 A\ A\ \® 5@ \@Q ‘)®Q R ®QQ

Number of scenarios in one model run

Fig. 4.22. Trade-off between calculation time and precision.

Evidently, 1000 scenarios are sufficient. They provide satisfactory low deviations (the
highest value within the test runs — 1.31%) while still providing reasonable computational time
(~153 seconds on an ordinary desktop computer). More simulations need significantly higher
computational effort.

4.5.3. Assumptions for the case study

The case study is based on thermostatic load, which has been identified in the literature as
one of the most promising load types for residential DR applications [115]-[117]. Particularly,
we model smart electric thermal energy storage devices (introduced in Chapter 2) able to
receive external control signals (e.g., from an aggregator). The rated input power of each device
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is 2.2 kW, and, similarly to case study I, we assume a household with five units installed. The
default behaviour (no gateway connection) envisions electricity consumption (i.e., storing
thermal energy) in the first hours of each day, as the good thermal insulation of heaters allows
the heat to be released when necessary throughout the day. Variable OPEX is disregarded in
this study, but fixed OPEX is set to 20 € per annum.

Four different consumption and flexibility profiles for a week are used in the study to
capture seasonal differences (the year is divided into four 3-month seasons). Heat energy
demand is derived from building thermal modelling results in Riga, Latvia, suggesting that the
average heat demand in spring is about 50% of the winter load, autumn — 20%, summer — 10%.
In terms of flexibility, we assume that any idle heater units can be turned on and any working
units switched off for one hour up to 14 times a week if there is enough flexibility in the opposite
direction for recovery to be completed within the next 12 hours. Summer is an exception — we
assume that only one additional heater unit can be turned on for load increase DR. The model
has hourly resolution, and DR event duration is also set to one hour. The recovery effect is

characterised by kri:fr‘ =0.9 and krr:f '=0.9, i.e., load increase DR results in slightly wasted

energy, whereas load reduction DR manifests some energy savings.

The day-ahead price scenario generation is based on statistics in the Latvian price area of
Nord Pool (01.11.2017-31.10.2018) and is summarised in Table 4.2. A 10% standard deviation
is set to these parameters during scenario generation.

Table 4.2. Day-ahead price scenario expected parameters

Day-ahead price scenario parameter Expected value
Minimum price 1.59 € MWh
Mean price (for 99.5% of hours) 45.81 €/ MWh
Maximum price (for 99.5% of hours) 100.06 €/ MWh
Maximum price (for 100% of hours) 255.03 €MWh
Mean weekday and weekend price ratio 1.21

Mean daytime and nighttime price ratio 1.39

Parameters for balancing market scenarios are derived from the common Baltic balancing
market data (01.01.2018-31.10.2018) and summarised in Table 4.3. The parameters from both
tables are used to generate scenarios as per the algorithm described in Section 4.2.

Table 4.3. Balancing market scenario expected parameters

Balancing liquidity and price scenario parameter Expected value

Balancing market liquidity (hours w demand for DR) | 63.08%

Negative vs positive hourly system imbalance ratio 0.49

Balancing vs day-ahead price (at positive imbalance) | 0.64

Balancing vs day-ahead price (at negative imbalance) | 1.87
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The owner of the flexible load purchases electricity for its regular consumption at a

dynamic retail price defined as II :1‘21'(HDAt+62‘91) which is a representative

ret.t

electricity retail tariff in Latvia at the time of conducting this study (November 2018) composed

of the hourly day-ahead wholesale price 11,,, trade commission (4.20 €/ MWh), mandatory

procurement component (14.63 €/ MWh), distribution tariff (44.08 €/ MWh) and a 21% value-
added tax on top. The consumption-independent or fixed monthly components of the tariff have
been disregarded, as they would not be affected by DR.

For comparability, all the calculations within this study have been performed using the same
1000 scenarios for the day-ahead and balancing market (i.e., they have been generated only
once). The distributions of the hourly prices generated are summarised in Fig. 4.23.
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Fig. 4.23. Histogram of electricity prices.

4.5.4. Results and discussion

Considerations regarding the bidding strategy

As already mentioned in Section 4.2.1, the DR Assess input module contains a series of
settings related to the economic description of the DR asset. This also includes defining the
balancing market price thresholds at which the DR asset owner is willing to provide its services:
namely, the minimum balancing price the owner wants to receive for consumption reduction
(upward regulation) and the maximum balancing price it is willing to pay for consumption
increase (downward regulation). Both constraints can be defined either as a fixed price
(E/MWh) or as a fraction of the energy purchase price at the same hour. In practice, these
constraints would be adhered to by submitting respective price-dependent bids to the balancing
market.

Market participant bidding strategy within the common Baltic balancing market framework
implies that, in most cases, the marginal market price a DR asset owner may receive for up-
regulation is higher than the day-ahead price, while the balancing price for down-regulation is
usually lower than the day-ahead price at the same hour. Nevertheless, the possible bid price
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range a DR asset owner may offer to the market is broad enough. Moreover, for the DR service
to be profitable, it is also important to consider the related cost due to the rebound effect during
the recovery period that may follow after a DR event. Therefore, selecting the “optimal”
bidding strategy for a DR asset is not a straightforward task and involves a number of different
uncertainties. To tackle this, we start with using the DR Assess tool to determine the
recommended bid price limits. Afterwards, the selected settings will be used as an input for the
specific case study.

To assess what is a reasonable maximum balancing price for load-increase DR and
minimum balancing price for load-reduction DR, we perform several model runs varying these
parameters. Each type of explicit DR is modelled separately and two ways to select the bid
price are considered — as a fixed price and as a retail price-dependent bid (Fig. 4.24-Fig. 4.27).

Evidently, with the assumption of no DR-induced variable OPEX and the retail price
significantly exceeding the balancing price (Fig. 4.23), it is reasonable to set the maximum
balancing price for load-increase DR activation equal to about 30% of the time-varying retail
price (Fig. 4.24) or roughly 40 €/ MWh (Fig. 4.25) if a fixed bid price is envisioned.

0% 50% 100% 150% 200%
Maximum price for load increase, % of retail price

Fig. 4.24. Profitability of load-increase DR per varied bid price (% from retail price).

0 50 100 150 200
Maximum price for load increase, €/ MWh

Fig. 4.25. Profitability of load-increase DR per varied bid price (fixed).

The load-reduction DR analysis presents a more peculiar situation. It follows from Fig. 4.26
and Fig. 4.27 that there is no benefit in constraining the minimum balancing price for load
reduction. Although the specific benefit (disregarding fixed OPEX) per MWh of energy served
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in DR is the highest at about 105% of the time-varying retail price or 200 €/ MWh if a fixed bid
is considered, the actual average annual benefit in these cases is close to zero or even negative
if fixed OPEX is considered. This is explained by the very low explicit DR activity with these
constraints. For instance, load-reduction DR is activated on average 2.7 times per annum with
the 105% constraint, whereas in the unconstrained case it amounts to 472.5 times, thus the
overall profitability is higher in the latter case despite significantly lower specific benefit.

0% 50% 100% 150% 200%
Minimum price for load reduction, % of retail price

Fig. 4.26. Profitability of load-reduction DR per varied bid price (% from retail price).

0 50 100 150 200
Minimum price for load reduction, €/ MWh

Fig. 4.27. Profitability of load-reduction DR per varied bid price (fixed).

However, if the variable OPEX induced by DR activations is taken into account, the
selection of appropriate balancing price constraints for DR activation is not so straightforward
anymore. Fig. 4.28 and Fig. 4.29 examines the effects of price constraint settings at various
levels of variable OPEX.

Evidently, in this case study, the maximum balancing price constraint for load increase (Fig.
4.28) should be reduced when the variable OPEX is higher (e.g., to 35 €/ MWh at V-OPEX of
40 €/ MWh or to 30 €/MWh at V-OPEX of 70 €/ MWh).
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Average annual benefit, €

Fig. 4.28. Load-increase DR profitability per varied bid price & V-OPEX.

Similarly, the minimum balancing price for load-reduction DR (Fig. 4.29) becomes more
relevant as the variable OPEX increases (e.g., 30 €MWh at V-OPEX of 40 € MWh or
70 € MWh at V-OPEX of 70 €MWh). With an accurately selected constraint, it is even
possible to achieve marginal profitability at V-OPEX of 90 €/ MWh (if the balancing price
constraint is set to 85 €/ MWh).

Since in the case study to follow the V-OPEX is disregarded, the bidding strategy is set to
a 40 €/ MWh ceiling for load increase and remains unconstrained for load reduction.
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Fig. 4.29. Load-reduction DR profitability per varied bid price & V-OPEX.

Average annual benefit, €

Case study

This subsection presents the case study results of using smart electric thermal storage
heaters for implicit and explicit DR, based on the assumptions detailed in Section 4.5.3 and
employing the previously selected bid price settings for explicit DR provision in the balancing
market. For comparison purposes, let us carry out two model runs. Firstly, with only explicit
DR for power system balancing, assuming aggregated DR capability to participate in the mFRR
market in the Baltics, and, secondly, with additional implicit DR implemented by price-based
rescheduling of the consumption on a day-ahead basis, before participation in the balancing
market.
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Fig. 4.30 summarises the modelled scenario results in terms of the positive and negative
annual cash flow positions incurred due to explicit DR activations for a case where the initial
consumption has not been price-optimised. When compared to the same indicators for a case
where there has been a day-ahead rescheduling performed beforehand (Fig. 4.31), three main
implications can be inferred.

Firstly, the benefit from implicit DR is well comparable to that from explicit DR (e.g.,
74.67 € from rescheduling, 336.16 € from balancing DR). Secondly, implicit DR does not
negatively affect the profitability of participation in explicit DR but supplements it instead.
Thirdly, the cash flow components directly dependent on the hourly retail price are most

affected by the day-ahead rescheduling.

Load increase (DR): Recovery after DR: Annual benefit from DR:
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Fig. 4.30. Probability histograms of the modelled cash flow positions (red — positive, green —
negative, blue — total) without day-ahead rescheduling.
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Fig. 4.31. Probability histograms of the modelled cash flow positions (red — positive, green —
negative, blue — total) with day-ahead rescheduling.

The same overall explicit DR benefit can also be expressed by its different components
defined in (4.17)—(4.22). Fig. 4.32 and Fig. 4.33 provides the mean values (mathematical
expectation) of these indicators.

While the mean overall annual benefit from explicit DR is slightly decreased (from 321.05 €
to 316.15 €) if day-ahead optimisation has been performed beforehand, the actual income from
the balancing market is increased in the second case. However, it has been offset by the notably

131




higher negative effect of the price variation component. It can be explained by the greater
likelihood for the recovery effect post load-reduction DR to take place during high-price hours
since the initial pre-DR consumption is already placed at the cheapest hours in the second case.
This becomes even more evident if we study the statistics of the modelled DR activations
summarised in Table 4.4.

Even though the total number of annual DR events has decreased (from 653 to 540 events)
when the underlying consumption pattern of electric thermal storage heaters has been
optimised, the sum amount of energy delivered for system balancing has actually increased
(from 4.17 MWh to 4.56 MWh). Presumably, this is because post-optimisation there are some
hours with remaining flexibility only in one direction, and thus there are overall fewer hours
when either directional DR is possible. However, the amount of flexibility in terms of energy
in one direction is higher. The specific benefit per unit of energy served in explicit DR,
however, is also decreased, notably so for demand reduction DR events.

If the asset owner were to incur notable variable OPEX due to energy served in explicit DR
(e.g., loss of productivity, value of comfort lost etc.), the difference between both cases might
become starker; however, this assertion remains to be studied. Some other significant
assumptions that could influence the results is the balance responsibility of DR asset owner and
prospective compensation to its retailer (for both, we assumed none), and it is also presumed
that the payments to/from balancing market are equal to the respective balancing market price.
If the DR asset owner were to pay additional taxes or share the benefit with its aggregator, the
resulting profit would certainly be less.
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Fig. 4.32. Breakdown of the mean total benefit from explicit DR (original schedule).

W

= -

5 423.66 28.47 59.03

o 400

2,

=

S

S

£ 200

=

<=

2]

<

O 0 L
Balancing market Efficiency Price var. F-OPEX Total

Fig. 4.33. Breakdown of the mean total benefit from explicit DR (optimised schedule).
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Table 4.4. Mean annual values of the modelled DR events

Case DR events DR Energy, MWh Specific benefit, € MWh
increase | reduction increase reduction increase reduction

original schedule 431 222 3.13 1.04 80.95 84.60

optimised schedule 386 154 3.26 1.30 76.97 65.44

4.6. Summary

The developed Monte Carlo simulation-based DR economic assessment tool DR Assess has
proven to be useful in providing a preliminary evaluation of the potential benefits a controllable
load asset owner might gain by participating in the power system balancing via an explicit DR
program and, additionally, by optimising its load schedule based on the day-ahead market prices
(i.e., implicit DR). However, the model employed requires quite detailed knowledge of the
technical characteristics of the DR asset, especially in regard to its available flexibility with an
hourly resolution. In general, the results are assumption-sensitive, thus any output should not
be viewed independently of the input.

The DR economic assessment model also allows studying the benefit from explicit DR by
its components — balancing payment, efficiency increase (or decrease), and hourly price
variations if a dynamic retail tariff is used. While the last two components provided a negative
effect in some of the case studies, albeit the sum cash flow remained positive in all cases, thus
rewarding the DR asset owner with financial benefits.

The results from case study I signal that electric thermal storage devices can recoup the
additional investments necessary to make them DR-ready, but only if more than 50% of the
load reduction remuneration is passed on to the asset owner. In fact, the stochastic output of the
model shows that even at 100% remuneration, there is a small probability that the payback
period could exceed the asset service life. Realistically, however, such a full payment sharing
is unlikely as the aggregation service provider also needs incentives for its operation.

The flexibility modelling parameter sensitivity analysis carried out in case study II aids in
validating the developed DR economic assessment tool and its capability to inform potential
residential-scale DR participants on the potential activity and profitability from taking part in
an explicit DR program. Moreover, this study confirms the importance of accurate selection of
the parameter values describing the available flexibility of the consumption profile or particular
flexible assets.

Metrics like the available flexibility within an hour, the maximum number of DR events in
a certain time horizon and the minimum time distance between two subsequent DR activations
have to be selected particularly carefully as they majorly affect the model results. On the other
hand, the maximum time before the beginning of recovery has proven to be inconsequential to
the simulations and should instead be replaced by a constraint limiting the maximum time
before the recovery has to be completed.

When the flexibility parameters are set to reasonable assumptions, it can be inferred that a
residential-scale DR participant with a typical load profile, subject to electricity retail prices
akin to the Latvian market and capable to participate in Baltic power system balancing (via an
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aggregator), can receive some annual benefit from explicit DR. However, with consumption
flexibility of about 5%, the economic benefit is barely noticeable (about 5 € annum) and might
not even offset the technical costs of DR readiness implementation and maintenance. Indeed, a
householder with a typical standard consumption pattern without significant thermostatic load
is not well incentivised to participate in explicit DR.

Furthermore, the case study III analysis of smart electric thermal storage devices as an
asset for explicit DR allows to draw the conclusion that being subjected also to implicit DR by
means of price-based consumption rescheduling does not impede the overall profitability of
explicit DR. While the parameters of DR activations and related cash flows do change, the sum
benefit remains similar in both cases. Moreover, the exposure to implicit DR itself adds notable
supplemental benefit to the overall profitability of DR-enabled smart electric thermal storage
heaters. It was also demonstrated how the DR Assess tool can be used for identification of
reasonable bidding price selection for explicit DR activation for system balancing purposes.
Evidently, for load reduction, activation price constraints are not strictly necessary as long as
the variable OPEX induced by DR is minuscule.

In conclusion, a more realistic DR economic feasibility assessment would require near
perfect beforehand knowledge of the contractual setup between the DR asset owner, aggregator,
BRP, TSO and other potentially linked parties. However, the regulatory and market framework
for DR aggregators in Latvia is still under development. To that end, the DR Assess tool allows
modelling a variety of different setups which enables studies on finding the most suitable
business case for a particular application. It could also be used by policy-makers to analyse the
potential implications for the involved parties of different regulatory conditions.

Further studies should aim to expand the DR assessment model to consider other potential
markets and forms of explicit DR where residential-scale customers might theoretically
participate in an aggregated form since currently the model is focused solely on an mFRR
product-based balancing market.
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CONCLUSIONS

The assessment of benefits obtainable from demand response and results of the balancing
process optimisation confirm the hypothesis of the Doctoral Thesis. The proposed solutions
have proven to be able to increase the flexibility of the power system and improve its
operational efficiency.

The developed methodology and software tool, AOF parameter search, for optimising the
activation process of balancing resources within the common Baltic balancing market
framework allows significantly reducing the Baltic area control error, thus promoting cost-
effectiveness and energy-independence of the Baltic power systems. The proposed solution
is relevant for the common Baltic balancing market, which was established in 2018.
Furthermore, in the upcoming years, it can aid the Baltic transmission system operators not
only in the planned synchronisation with the Continental Europe network but also in
implementing the European Commission guidelines on electricity balancing. To that end,
the developed AOF parameter search tool can serve as one of the components for the
Activation Optimisation Function stipulated in these guidelines.

Power system and end-user benefits from employment of demand response have been
assessed based on the example of smart electric thermal storage (SETS) as a DR-enabled
innovative technology. Results show that, compared to conventional (direct resistive)
heating, SETS can provide cost savings both to the Latvian power system as a whole and
to individual end-users. Most of the value comes from their smart storage ability. However,
the benefit from each SETS unit decreases the more units are deployed in the system. The
value of SETS in the power system also reduces if the spread of daily load curve (and
electricity prices respectively) diminishes as it lessens the savings obtainable from energy
arbitrage.

Additional value stream of SETS identified in the Thesis is reserve provision to the power
system. However, in the future, this value can be expected to decrease with improvements
of interconnections between Latvia and Estonia and, additionally, with introduction of
additional storage capacities in the Baltic power system.

If partial electrification of heating is envisioned in Latvia, potential distribution grid
congestion risks can be significantly alleviated through coordinated scheduling of SETS as
demonstrated in the representative feeder study. This also allows decreasing the cost of
losses for the DSO and reducing the electricity bills for the end-consumers. In contrast,
uncoordinated control of SETS can contribute to peak power rise, hence it should be
avoided.

Notwithstanding the benefits identified in the case study for Latvia, the investment cost of
the particular technology considered (SETS) is still too high for the end-user to have a
positive total cash flow. Therefore, novel business models (e.g., service-based) and new
revenue streams (e.g., capacity payments for DR provision) would be required for this
specific technology to become financially attractive to end-users.

The developed Monte Carlo simulation-based tool, DR Assess, provides a probabilistic
assessment of the economic feasibility of DR provision from its asset owner point-of-view.
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It allows considering uncertainties of electricity markets and can be applied for different
types of DR assets, provided their flexibility profile is known. The tool, being able to study
the effects of both implicit or explicit DR, can be particularly useful for prospective Baltic
balancing market entrants by providing them with a comprehensive and reliable cost-benefit
assessment.

Case studies performed with the DR Assess tool in the Doctoral Thesis were focused on
residential-scale DR. It was shown that its profitability is highly dependent on the share of
remuneration passed to the DR asset owner by the aggregator and is even more so dependent
on the flexibility settings for a particular DR asset. Furthermore, it can be concluded that
implicit DR adds supplemental benefit to explicit DR provision.

. Future studies should aim towards investigating additional value streams for demand
response to become more attractive and towards studying additional emerging market
frameworks where the value of DR could be unlocked. Furthermore, the potential of
industrial demand response should be examined together with the related cash flows.
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Appendix 1

Structure of the overall algorithm of AOF parameter search tool

(1) [ Input data,

(2)

settings

(3) " Wi ] v [~ Wetob ]

Input data preprocessing

Y

foreach
dataset :

Testing data sets (a to k)

(8) ~ WMatab | vyvwy

Objective function

Formulation of the
optimization problem

/optimization variables/

ACE logic
/value/
A
(5 le,

Solver P

(obj. fun. minimization)
T

(7)

Output (optimal
solution) for each
dataset

write to .xIsx 1 \ 4

Test output

Continued on next page.
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No | Step Description
(1) | Input data ¢ ACE forecast in minute resolution
(2) | Settings e max number of activations in an hour (set from 1 to 5)
e preparation time (initial assumption: 2 min)
e ramp rate (initial assumption: 20 MW/min)
e lower and upper bounds on optimisation variables such as
o "min (activation minute);
o " (% of ACE forecast);
o ACE"g (ignorance)
VY n € [1; max numb. of act.]
(3) | Data e check quality; apply filter
preprocessing | e separation in datasets, for instance:
o weekdays — hours by type (up, down, stable);
o holidays — hours by type (up, down, stable)
e additionally, separation in training and testing datasets
(4) | Formulation e format bounds and constraints to pass them to solver
of the optim. e feed objective function to solver
problem
(5) | Solver e objective function is non-convex, non-smooth;
e use global search algorithms, e.g., patternsearch (multiple-start) to
minimise the objective function
(6) | Objective e sct of logical instruction;
function e variables: "'min; ¢"nb; ACE"ign
o min(w;, X ACELSE + wyp, T|ACERE | + w, B|Efehs | + w3 X|Risro )
[primary goal] [penalty for overactive reg. / for large capacities]
w — weight coefficients (adjustable)
e additional constraints (minimum time between activations, e.g.,
10 min)
(7) | Output e for each dataset
o 'min — minute when operator must check the necessity of
regulation activation;
o c"w — % of ACE forecast to be balanced if ignorance
threshold is met at #"min;
o ACE"ign —ignorance threshold for activation at #"min
(8) | Testing e return of testing dataset with regulation activated according to the

output parameters
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Appendix 2

Calculation of objective function within the AOF parameter search tool
(example for ISP of 1 hour)

Solver .
Settings Preprocessed

data set

(optimization variables from current iteration)

(minute resolution)

Number of hours =
size(data set)/60

A 4

ldXhour = 0

l

0
) Outer loop
idXnhour < NUMber of hours >«
l 1
) . obj. fun.val. =
d =id +1
BXhour = BXhour obj. fun. val. + obj. fun. val.pour
A
Y
IdXactivation = O obj. fun. val.hour =

(wia > ACER" + i, Y |ACERGT | +w, - Y B | +ws Y [Pl ])
A

0
idXactivation < Max number
of activations Import obj. fun. components for the
Inner /oop * current hour from the inner loop:
ACE; 5E g ZPreg

idXactivation = idXactivation + 1

Regulation simulation logic

Pass obj. fun. value to solver;
update variables;
next solver iteration
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Appendix 3

Balancing activation/cancellation simulation logic for the AOF algorithm

with assumptions on preparation time and constant ramping (up and down) rate

within each activation/cancellation

Main variables, sets and indices

size_ISP
m
preparation

ramp
ACE _ forc

act_minutes,,
ACE_corr

numb_of act
n
act_minutes,
act_volume,
tolerance,

r

number of minutes within the ISP

index (minute) from the set [1; size_ISP]

preparation time (minutes from the decision to activate/cancel to the beginning
of its realisation (i.e., ramping))

ramping (up/down) rate (MW/min)

base? forecast of the ACE for the ISP at minute act_minutes, (MWh/h)

ACE correction corresponding to the simulated balancing operations currently
in effect (MWh/h)

maximum number of activations (within an ISP)

index for the current activation/cancellation decision (1...numb_of act)

minute for activation/cancellation decision at activ. n

percentage of the ACE forecast to be regulated against at activ. n

ignorance level of the ACE forecast at activ. n (MWh/h)

index for realised balancing activations (needed for cancellation simulation)

Algorithm outline for each ISP

I. Iterate through minutes m of the ISP (in real-time application case, read ACE forecast and
perform calculations once each minute).

II. Check if minute m corresponds to any of the act_minutes, values.

lll. If so, check if the ACE forecast (absolute value) meets the ignorance threshold:
|ACE_forcm + ACE_corr| = tolerancen.

IV. If it does and if there are previously ordered balancing operations currently active, compare
their direction to the direction of the ACE_forcn; if they are the same, perform Cancellation;
update information on currently active balancing and ACE_corr.

V. Compare once more if the updated ACE forecast (absolute value) meets the ignorance threshold:
| ACE_forcm + ACE_corr| = tolerance,,.

VI. Ifit does, perform Activation.

% 1e., ACE forecast without any balancing activations.
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1.1.

1.2.

Activation

Necessary regulation energy at minute act_minutes :

reg _energy =—act _volume, -(ACE _ forc +ACE _corr)

act_minutes,

Corresponding power:

ordered _power = sign(reg _ energy) -ramp- ( size _ISP—act_minutes, — preparation+1—

—\/ ( size _ISP—act_minutes, — preparation + 1)2 —-120 -|reg _ energy| /ramp )

If the radicand above is negative, the desired energy cannot be served within the remainder of
the ISP, thus we calculate the maximum amount of energy that can be served (with account to
the given ramp rate and preparation time):

reg _energy =ramp /120- (size _ISP—act _minutes, —preparation + 1)2 -sign (reg _ energy)

ordered _power =ramp- (size _ISP—act_minutes, — preparation + 1) . sign(reg _ energy)

Update the correction of ACE forecast:

ACE _corr =ACE _corr +reg _energy

If balancing has been ordered, save information about this activation in a separate set of variables
with index r so that its cancellation can later be adequately simulated if necessary:
ordered_power:; ord_minutes;;, req_energy:

(power; time of decision [input value]; expected energy)
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2. Cancellation

As before, the time for the current activation/cancellation decision is denoted by act minutes_,
whereas r serves as an index for the previous balancing activations that can be potentially cancelled.

Amount of the balancing energy that should be cancelled at minute act_minutes, is initially assumed
to equal the forecasted ACE: energy _to_cancel = ACE _ forc

+ACE _corr . However, at first

act_minutes,
we calculate the amount of energy that can be cancelled (cancelable_energy) in section 2.1. Then, in
section 2.2, we compare that to the total amount of the redundant balancing energy to perform its full
or partial cancellation.

Hereinafter, “ramping up” refers to moving towards the absolute value of the ordered power from
zero regardless of its actual sign (i.e., activation), whereas “ramping down” refers to moving from the
ordered power towards zero (i.e., cancellation). Hence why the direction of balancing energy and

power is saved in a separate variable: dir= sign(energy_to_cancel), and further calculations are
done using the absolute values of power and energy.

2.1. For each of the previously ordered and currently active balancing activations r, calculate the
maximum amount of energy that can be cancelled by the end of the ISP (MWHh).

A. IF act_minutes, < |ordered _ power, | /ramp+ord_minutes, —1
AND 2-act_minutes, + preparation—ord _minutes, < size _ISP
(still ramping up, but can fully ramp down)

THEN cancelable _energy, = (|reg _energy, | —ramp /60- (act _minutes, —ord _minutes, )2 ) -dir

- ordered_powerr
| power_ atm |
f 1
cancelable_energyr
ord_minutesr + preparation size_ISP
actiriniinuteSn + preparation
B. IF act _minutes, > |ordered _ power, | /ramp+ord_minutes, —1

AND  act _minutes, + preparation < size _ISP—|ordered _power,|/ramp— 1
(already ramped up, can ramp down to 0 within the ISP)

THEN cancelable _energy, = (|ordered _power, | . (size _ISP—act _minutes, — preparation + 1) / 60—

—ordered _power,’ /(120 ramp)) -dir

ordered_powerr

cancelable_energyr

ord_minutesr + preparation size_ISP

act_minutesn + preparation
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C. IF act _minutes, > |ordered _ power, | /ramp+ord_minutes, —1
AND  act _minutes, + preparation > size _ISP—|ordered _power,|/ramp— 1
(already ramped up, cannot ramp down to 0 within the ISP)
THEN cancelable _energy, =ramp /120- (size _ISP—act _minutes, — preparation + 1)2 -dir

ordered_powerr

cancelable _energyr

ord_minutesr + preparation size_ISP

act_minutesn + preparation

D. IF act_minutes, < |ordered _ bower, | /ramp+ord_minutes, —1

AND 2-act_minutes, + preparation—ord _minutes, > size _ISP
(still ramping up, but cannot fully cancel anymore (extremely unlikely, but theoretically possible))

—ramp / 60-(act _minutes, —ord _minutes, )2 +

THEN cancelable _energy, = (|reg _energy,

+ramp- (size _ISP+ord_minutes, —2-act_minutes, — preparation + 1)2 / 120) -dir

ordered_powerr
power_ atm |
\ 1
-1
cancelable_energyr
ord_minutesr + preparation size_ISP

act_minutesn + preparation
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2.2. Compare the total cancelable_energy from all the active previous orders r to the needed
amount of cancellation at act_minutes, , energy_to_cancel.

A. IF |sum(cance/able_energy)|S|energy_to_cance/ , cancel everything and delete the data on

currently active balancing orders. Update the ACE forecast correction:

ACE _corr = ACE _corr — sum(cancelable _energy)

B. IF |sum(cance/able_energy)|>|energy_to_cancel , iterate through all the currently active

balancing orders r, starting from the earlier activations, following this algorithm:

l. r=1

II. IF |cancelable _energy,|<|energy _to_cancel

GO TO (Ill)
ELSE GO TO (V)

lll. Fully cancel regulation r and readjust energy to_cancel :

energy _to_cancel =energy _to _cancel —cancelable _energy,

IV. IFr<R (where R is the number of active previous activations)
THEN r=r+1 AND GO TO (ll)
ELSE GO TO (VI)

V. Simulate reg. power decrease: Partial cancellation.

VI. Adjust the ACE forecast correction, ACE_corr, and activation data to reflect all cancelled energy
and power, and return to invoking function.

2.3. Partial cancellation

energy _prim denotes the energy not delivered (i.e., cancelled) in MWh if ramping were to stop at

minute (act_minutesn + preparation); necessary to determine the subcase of partial cancellation.
energy _prim= [(|ordered _power, | —ramp- (act _minutes, —ord _minutes, )) / 60-

. (size _ISP—act _minutes, —preparation+1 —

- (|ordered _power, | —ramp -(act _minutes_ —ord _minutes, ))/(2 -ramp ))] -dir

power _atm stands for the value of balancing power in MW at minute

(act_minutesn +preparation) as illustrated below:

power _atm=min {ramp -(act _minutes, —ord _minutes, ),

ordered _ power. |} -dir

- ordered_powerr

energy_prim
} power_atm |

ord_minutesr + preparation size_ISP

act_minutesn + preparation
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Determine the subcase of partial cancellation for the current cancellation decision n:

A. IF |power_atm| < |ordered _power,| AND |energy _prim| = |energy _to_cancel

(stop ramping and remain at current power)

THEN power _reduced =power _atm

T ordered_powerr

energy to_cancel
power_atm power_reduced
| = \

ord_minutesr + preparation size ISP

act_minutesn + preparation

B. IF | power _ atm| < |ordered _ power, | AND |energy _ prim| > |energy _to_ cancel|

(keep ramping, but to a lower power than initially ordered)

THEN

power _corr =dir-ramp- (size _ISP—act_minutes, — preparation+1—

—\/( size _ISP—act_minutes, — preparation + 1)2 -120- (|energy _prim|—|energy _to_ cancel|)/ramp)

power _reduced = power _atm+ power _corr

T ordered_powerr

/ energy_to_cancel

power_reduced

| power_atm |

ord_minutesr + preparation size_ISP

act_minutesn + preparation
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IF power _atm=ordered _power,
(reduce power)

THEN

power _corr =dir-ramp- (size _ISP—act_minutes, — preparation+1—

—\/ (size _ISP—act_minutes, — preparation + 1)2 —120-|energy _to_cancel|/ ramp)

power _reduced = power _atm— power _corr

ordered_powerr = power_atm

energy to_cancel
power_reduced

size_ISP

ord_minutesr + preparation

act_minutesn + preparation

D. IF |power_atm| < |ordered _power,| AND |energy _prim| < |energy _to_cancel
(stop ramping up and partially ramp down)

THEN
power _corr =dir-ramp- (size _ISP—act_minutes, —preparation+1—

—\/( size _ISP—act_minutes, — preparation + 1)2 —-120- (|energy _to_cancel|—|energy _ prim|)/ramp)

power _reduced = power _atm— power _corr

- ordered powerr

energy to_cancel

| power_ atm |
f 1

power_reduced

ord_minutesr + preparation size ISP

act_minutesn + preparation

Finally, edit delivered/deliverable balancing energy to reflect the changed power state after partial
cancellation of activation r:
reg _energy, = power _reduced/60- (size _ISP—ord _minute, — preparation+ 1—

—power _reduced /(2 ramp))
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3. Examples of calculation

size_ISP =
preparation =
ramp =

act_minutes,

size_ISP
preparation
ramp

act_minutes,

reg_energy,

Maximum power and energy at a given decision minute

60 min Max reg_energy:
2 min reg _energy =ramp /120-(size _ISP —act _minutes, — preparation + 1)2 -sign(reg _energy)
20 MW/min
reg_energy = 32.67 MWh
45

Max ordered_power:
ordered _power =ramp-(size _ISP—act_minutes, — preparation+1)-sign(reg_energy )
ordered_power = 280.00 Mw

Ordered power from a given regulation energy at a given decision minute

60 min Power from reg_energy:
2 min ordered _power = sign(reg_energy) -ramp - (size_ISP —act_minutes, — preparation +1—
20 MW/min 3
—\/(size_/SP —act_minutes, — preparation + 1) -120- |reg _energy| / ramp)
45
30.00 MWh ordered_power = 200.00 MW
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Full cancellation (goal of calculation: cancellable energy)

21.A
size_ISP = 60 min act_minutes, < |ordered _power |/ ramp+ord_minutes, —1 TRUE
preparation = 2 min
ramp = 20 MW/min 2-act_minutes, + preparation—ord _minutes, < size _ISP TRUE
act_minutes, = 33
ordered_power,=  195.85 MW cancelable _energy, = (|reg_energy, —ramp / 60-(act_minutesn —ord _minutes, )2)-dir
ord_minutes, = 25
reg_energy, = 95.00 MWh cancelable_energy, = 73.67 MWh
dir= 1
T ordered_powerr

| power_atm
f

cancelable_energyr

ord_minutesr + preparation size_ISP

act_minutesn + preparation
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2.1.B

size_ISP = 60 min act _minutes, > |ordered _power.|/ramp+ord_minutes, —1 TRUE
preparation = 2 min . ) .
ramp = 20 MW/min act _minutes, + preparation < size _ISP — |ordered _power.|/ramp— 1 TRUE
act_minutes, = 35 cancelable _energy, = (|ordered _power,|- (size_lSP —act _minutes, — preparation + 1) / 60 —

ordered_power, = 195.85 MW —Ordered_powerrz/(lzo-ramp))-dir
ord_minutes, = 25
reg_energy, = 95.00 MWh cancelable_energy= 62.36 MWh
dir = 1
ordered_powerr
cancelable_energyr
ord_minutesr + preparation size_ISP

act_minutesn + preparation
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2.1.C

size_ISP = 60 min act _minutes, >|ordered _power, | [ ramp +ord_minutes, —1 TRUE
preparation = 2 min
ramp = 20 MW/min act _minutes, + preparation > size _ISP — |ordered _power, / ramp— 1 TRUE
act_minutes, = 48
ordered_power, = 195.85 MW
ord_minutes, = 25 cancelable _energy, =ramp /120-(size _ISP —act _minutes, — preparation + 1)2 -dir
reg_energy,= 95.00 MWh cancelable_energy= 20.17 MWh
dir= 1

ordered_powerr

cancelable_energyr

ord_minutesr + preparation size_ISP

act_minutesn + preparation
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2.1.D

size_ISP =
preparation =
ramp =

act_minutes, =
ordered_power, =
ord_minutes, =

reg_energy, =
dir=

60 min act_minutes, < |ordered _power.|/ramp +ord_minutes, —1 TRUE
2 min
20 MW/min  2-act_minutes, + preparation —ord _minutes, > size _ISP TRUE
56 cancelable _energy, = (|reg _energy, | —ramp /60- (act _minutes, —ord _minutes, )2 +
640.00 MW +ramp-(size _ISP +ord_minutes, —2-act_minutes, — preparation + 1)2 / 120) -dir
25
192.00 MWh cancelable_energy= 2.33 MWh
1

ordered_powerr
| power_atm |
T \
.
cancelable_energyr
ord_minutesr + preparation size_ISP

act_minutesn + preparation
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Partial cancellation (goal of calculation: reduced balancing power)

23.A
size_|ISP =
preparation =
ramp =

act_minutes, =
ordered_power, =
ord_minutes, =

reg_energy, =
dir=

energy_to_cancel =

60 min energy_prim = 47.50 MWh
2 min power_atm = 100 mw
20 MW/min
|power _atm| < |ordered _power., TRUE
30
208.41 MW |lenergy _prim| = |energy _to_cancel| TRUE
25
100.00 Mwh power _reduced = power _atm
1
power_reduced = 100 Mmw
47.50 MWh

energy _prim= [(|ordered _power,| —ramp - (act _minutes, —ord _minutes, ))/60 .
-(size_ISP —act _minutes, —preparation+1 —

—(|ordered _power,| —ramp-(act _minutes, —ord _minutes, ))/(2 . ramp))] -dir

power _atm= mln(ramp . (act_m/nutesn —ord _minutes, ),

ordered _power, |) -dir

ordered_powerr

energy_to_cancel
power_atm powerl_reduced
| _

ord_minutesr + preparation size_ISP

act_minutesn + preparation
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23.B

size_ISP = 60 min energy_prim = 47.50 MWh
preparation = 2 min power_atm = 100 Mmw
ramp = 20 MW/min
|power _atm| < |ordered _power, TRUE
act_minutes, = 30
ordered_power,=  208.41 MW lenergy _prim| > |energy _to_cancel| TRUE
ord_minutes, = 25
reg_energy,=  100.00 MWh power _corr =ramp - (size_ISP —act_minutes, — preparation+1—
dir= 1 —\/(size_ISP —act_minutes, — preparation + 1)2 -120- (|energy_ prim|— |energy_to_cance/|) / ramp) -dir
energy_to_cancel = 30.00 MWh power_corr = 37.42 mw

power _reduced = power _atm + power _corr

power_reduced = 137.42 MW

energy _prim= [(|ordered _power.| —ramp- (act _minutes, —ord _minutes, ))/60 .
‘(size _ISP—act _minutes, — preparation +1 —

—(|ordered_power,| —ramp-(act _minutes, —ord _minutes, ))/(2 . ramp))] -dir

power _atm = mm(ramp -(act _minutes, —ord _minutes, ),

ordered _power, |) -dir

- ordered_powerr

/ energy_to_cancel

power_reduced

| power_atm |
f 1

ord_minutesr + preparation size_ISP

act_minutesn + preparation
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23.C

size_|ISP = 60 min
preparation = 2 min power_atm = 208.41 MW
ramp = 20 MW/min
power _atm| = |ordered _power, TRUE
act_minutes, = 40
ordered_power,=  208.41 MW
ord minutes. = 25 power _corr =ramp - (size_ISP —act_minutes, — preparation+1—
= r
reg_energy,=  100.00 MWh —\/ (size_lSP —act_minutes, — preparation + 1)2 —120- |energy _to_cancel | / ramp) -dir
dir= 1
energy_to_cancel = 30.00 MWh power_corr = 110.93 mw

power _reduced = power _atm — power _corr

power_reduced = 97.48 MW

power _atm = min(ramp . (act _minutes, —ord _minutes, ),

ordered _power, |) -dir

ordered_powerr = power_atm

energy_to_cancel

power_reduced

ord_minutesr + preparation size_ISP

act_minutesn + preparation
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23.D

size_|ISP = 60 min energy_prim = 47.50 MWh
preparation = 2 min power_atm = 100 mw
ramp = 20 MW/min
|power _atm| < |ordered _power, TRUE
act_minutes, = 30
ordered_power,=  208.41 MW |energy_prim| < |energy_to_cancel| TRUE
ord_minutes, = 25
reg_energy,=  100.00 MWh power _corr =ramp - (size_ISP —act_minutes, —preparation+1—
dir= 1 —\/(size_ISP —act_minutes, — preparation + 1)2 -120- (|energy_prim| — |energy_to_cancel|)/ramp) -dir
energy_to_cancel = 60.00 MWh power_corr = 26.46 MW

power _reduced = power _atm— power _corr

power_reduced = 73.54 MW

energy _prim= [(|ordered_power,| —ramp-(act _minutes, —ord _minutes, ))/60 .
-(size_ISP —act _minutes, —preparation+1 —
—(|ordered_power,| —ramp-(act _minutes, —ord _minutes, ))/(2 . ramp))] -dir

power _atm = mm(ramp -(act _minutes, —ord _minutes, ),

ordered _power. |) -dir

T ordered_powerr

energy_to_cancel

| power_atm
I

power_reduced

ord_minutesr + preparation size_ISP

act_minutesn + preparation

163



Additional results for SETS impact of power system

Appendix 4

Table A4.1. Electricity cost savings from SETS arbitrage, 2020

Heating . . Cost savings, | Cost savings, | Cost savings,
Scenario electrifica- Cost savings, | Cost savings, | € MWh of €/MWh of €/kWh of
tion M€ % total SETS installed
10 consumption | consumption | SETS
2% 3.78 0.48% 0.20 12.20 1.21
Base 10% 10.10 \ 1.09% 0.50 6.51 0.65
20% 18.75 1.46% 0.75 6.05 0.60
2% 4.00 0.48% 0.21 12.89 1.28
xfge‘:m 10% 1067 1.09% 0.53 6.8 0.68
20% 19.81 1.46% 0.79 6.39 0.63
2% 421 0.48% 0.22 13.58 1.34
f;;gc';s 10% 1124 1.09% 0.56 7.5 0.72
20% 20.87 1.46% 0.83 6.73 0.67
2% 3.50 0.48% 0.18 11.28 1.12
;fi‘:es 10% 9.34 1.09% 0.46 6.02 0.60
20% 17.34 1.46% 0.69 5.59 0.55
2% 3.90 0.50% 0.21 12.57 1.24
l‘)’lf’ilctts"e 10% 1043 112% 0.52 6.73 0.67
20% 19.61 1.52% 0.78 6.33 0.63
T 2% 1.48 0.19% 0.08 4.79 0.47
side 10% 4.94 \ 0.55% 0.25 3.19 0.32
measures 20% 13.86 1.26% 0.64 4.47 0.44
Heating 2% 3.58 0.45% 0.19 12.29 1.22
demand 10% 9.51 \ 1.04% 0.47 6.53 0.65
reduction 20% 17.23 | 1.37% 0.69 5.91 0.59
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Table A4.2. Electricity cost savings from SETS reserves, 2020

Heating

Cost savings,

Cost savings,

Cost savings,

Scenario electrifica- Cost savings, | Cost savings, | € MWh of €/MWh of €/kWh of
tion M€ % total SETS installed
consumption | consumption | SETS
2% 0.11 0.01% 0.01 0.36 0.04
Base 10% 1.50 | 0.16% 0.07 0.97 0.10
20% 5.39 0.42% 0.22 1.74 0.17
2% 0.12 0.01% 0.01 0.38 0.04
x:g::m 10% 1.58 0.16% 0.08 1.02 0.10
20% 5.70 0.42% 0.23 1.84 0.18
2% 0.12 0.01% 0.01 0.40 0.04
f:;gcts 10% 1.67 0.16% 0.08 1.08 0.11
20% 6.00 0.42% 0.24 1.94 0.19
2% 0.10 0.01% 0.01 0.33 0.03
IL);’chVeS 10% 1.38 0.16% 0.07 0.89 0.09
20% 4.99 0.42% 0.20 1.61 0.16
2% 0.12 0.02% 0.01 0.38 0.04
;’r"il;tsﬂe 10% 1.61 | 0.17% 0.08 1.04 0.10
20% 5.67 0.44% 0.23 1.83 0.18
e 2% 0.20 0.03% 0.01 0.64 0.06
side 10% 0.54 | 0.06% 0.03 0.35 0.03
TEASHTEs 20% 3.26 0.30% 0.15 1.05 0.10
Heating 2% 0.10 0.01% 0.01 0.35 0.03
demand 10% 1.30 | 0.14% 0.06 0.89 0.09
reduction 20% 4.46 0.36% 0.18 1.53 0.15
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Table A4.3. Electricity cost savings from SETS arbitrage, 2030

Heating

Cost savings,

Cost savings,

Cost savings,

Scenario electrifica- Cost savings, | Cost savings, | € MWh of €/MWh of €/kWh of
" M€ % total SETS installed
ton consumption | consumption | SETS
2% 4.35 0.47% 0.22 14.04 139
Base 10% 11.68 1.07% 0.55 7.54 0.75
20% 22.12 1.69% 0.98 7.14 0.71
2% 5.11 0.47% 0.26 16.48 1.63
x:gg:m 10% 1371 | 1.07% 0.65 8.84 0.88
20% 25.96 1.69% 1.15 8.37 0.83
2% 5.86 0.47% 0.30 18.92 1.87
:I;;gcts 10% 15.74 1.07% 0.75 10.15 1.01
20% 29.80 1.69% 1.32 9.61 0.95
2% 3.35 0.47% 0.17 10.79 1.07
IL);’chVeS 10% 8.98 1.07% 0.43 5.79 0.57
20% 17.00 1.69% 0.75 5.48 0.54
2% 4.46 0.48% 0.23 14.40 1.43
;’r"il;tsﬂe 10% 12.03 | 1.11% 0.57 7.76 0.77
20% 22.99 1.75% 1.02 7.42 0.73
e 2% 1.70 0.19% 0.09 5.49 0.54
side 10% 5.57 | 0.53% 0.26 3.59 0.36
TEASHTEs 20% 15.35 1.20% 0.68 4.95 0.49
Heating 2% 3.53 0.38% 0.18 14.40 1.43
demand 10% 9.40 0.90% 0.45 7.67 0.76
reduction 20% 16.41 | 1.35% 0.75 6.70 0.66
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Table A4.4. Electricity cost savings from SETS reserves, 2030

Heating

Cost savings,

Cost savings,

Cost savings,

Scenario electrifica- Cost savings, | Cost savings, | € MWh of €/MWh of €/kWh of
tion M€ % total SETS installed
consumption | consumption | SETS
2% 0.00 0.00% 0.00 0.00 0.00
Base 10% 0.09 0.01% 0.00 0.06 0.01
20% 1.52 0.12% 0.07 0.49 0.05
2% 0.00 0.00% 0.00 0.00 0.00
x:g::m 10% 0.1 0.01% 0.01 0.07 0.01
20% 1.79 0.12% 0.08 0.58 0.06
2% 0.00 0.00% 0.00 0.00 0.00
:I:;gcts 10% 0.12 0.01% 0.01 0.08 0.01
20% 2.05 0.12% 0.09 0.66 0.07
2% 0.00 0.00% 0.00 0.00 0.00
IL);’chVeS 10% 0.07 0.01% 0.00 0.05 0.00
20% 1.17 0.12% 0.05 0.38 0.04
2% 0.00 0.00% 0.00 0.00 0.00
;’r"il;tsﬂe 10% 0.09 | 0.01% 0.00 0.06 0.01
20% 1.62 0.12% 0.07 0.52 0.05
e 2% 0.00 0.00% 0.00 0.00 0.00
side 10% 0.01 | 0.00% 0.00 0.01 0.00
MEAsHres 20% 1.01 0.08% 0.04 0.33 0.03
Heating 2% 0.00 0.00% 0.00 0.00 0.00
demand 10% 0.04 | 0.00% 0.00 0.03 0.00
reduction 20% 0.56 0.05% 0.03 0.23 0.02
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Table A4.5. Electricity cost savings from SETS arbitrage, 2050

Cost savings,

Cost savings,

Cost savings,

Scenario g::tt:'?gca- Cost savings, | Cost savings, | € MWh of €/MWh of €/kWh of
tion M€ % total SETS installed
consumption | consumption | SETS
2% 5.88 0.17% 0.10 18.97 1.88
Large
109 16.2 449 2 10.4 1.04
Seals RES 0% 6.23 0.44% 0.26 0.47 0
20% 23.15 0.60% 0.37 7.47 0.74
2% 5.75 0.20% 0.12 18.54 1.84
o,
E};}SA) 10% 1581 | 0.52% 0.31 10.20 1.01
20% 23.12 0.71% 0.44 7.46 0.74
2% 5.76 0.19% 0.11 18.57 1.84
Big &
109 15. .509 . 10.2 1.01
Morket 0% 5.85 | 0.50% 0.30 0.23 0
20% 23.03 0.68% 0.42 7.43 0.74
2% 5.83 0.18% 0.10 18.80 1.86
Auples 10% 16.09 0.46% 0.28 10.38 1.03
Nuclear
20% 23.08 0.62% 0.39 7.44 0.74
2% 5.67 0.25% 0.15 18.28 1.81
i’;‘c’;lll& 10% 15.54 | 0.65% 0.39 10.03 0.99
20% 23.61 0.89% 0.57 7.62 0.75
Table A4.6. Electricity cost savings from SETS reserves, 2050
. Cost savings, | Cost savings, | Cost savings,
Heating
Scenario electrificatio Cost savings, | Cost savings, | € MWh of €/MWh of €/kWh of
n M€ % total SETS installed
consumption | consumption | SETS
2% 0.39 0.01% 0.01 1.25 0.12
Large
109 1. .049 . 1. .1
Scale RES 0% 55 0.04% 0.03 00 0.10
20% 2.26 0.06% 0.04 0.73 0.07
2% 0.00 0.00% 0.00 0.00 0.00
o,
;(;;}SA) 10% 1.42 ‘ 0.05% 0.03 0.92 0.09
20% 2.28 0.07% 0.04 0.73 0.07
2% 0.33 0.01% 0.01 1.07 0.11
Big &
109 1.02 .039 .02 . .
Market 0% 0 ‘ 0.03% 0.0 0.66 0.06
20% 2.22 0.07% 0.04 0.72 0.07
2% 0.35 0.01% 0.01 1.14 0.11
FUS 10% 1.85 | 0.05% 0.03 1.20 0.12
Nuclear
20% 2.51 0.07% 0.04 0.81 0.08
2% 0.00 0.00% 0.00 0.00 0.00
small & 10% 0.00 | 0.00% 0.00 0.00 0.00
Local
20% 0.00 ‘ 0.00% 0.00 0.00 0.00
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Table A4.7. Types of buildings connected to the representative feeder network and their total
heated space for the Latvian distribution grid study

Feeder No  Type of building
apartment building (31 ap.)
apartment building (27 ap.)
detached house

detached house

apartment building (66 ap.)
detached house

small business

detached house

apartment building (17 ap.)
apartment building (54 ap.)
apartment building (31 ap.)
medium business

detached house

apartment building (66 ap.)
apartment building (27 ap.)
apartment building (17 ap.)
public building

small business

detached house

public building

small business

““‘{““\
IIIIIHIIIII
IIIIIHIIIIl
|||||i|||||

apartment building (54 ap.)

Heated space, m?
1550
1275

80
80
3300
120
100
200
850
2700
1550
1000
80
3300
1275
850
2060
100
200
800
50

2700
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Appendix 5

Algorithm of power system benefit assessment from SETS

Exogenous time series
* ENTSO-E Transparency Platform

Base timeseries * Nord Pool
. « LVGMC
preprocessing «AST
l * Elering

(for each scenario)

* Optibidus-TEC

s=1..23

Prepare scenario

Cout i . « EU REF 2016
nput timeseries . e-Highway2050
L « AST

Scenario data
« Distribution grid modelling results

t=1..8760
(for each hour)

h 4

1% price iteration
(scaled input price)

A 4

v

Estimate market flow EE-LV

Eq. (3.34)

Linear regression to
find coefficient a

Eq. (3.35)

A 4 A 4

_|2"d price iteration 2" price iteration

Eq. (3.36) (same as 1)

& |
<

Add SETS load Add DRH load
v
3 price iteration

Y Eq. (3.38)

31 price iteration

Eq. (3.37)

T
v

Update market flow Calculate increased NTC

Eq. (3.41)

Eq. (3.39)

Eq. (3.40) &
Eq. (3.42) &
Eq. (3.43)

Calculate benefit from
SETS scheduling [
Eq. (3.45)

Calculate benefit from
SETS reserves >
Eq. (3.46)

v v "]

4t price iteration 4™ price iteration |_>
(same as 3™%) Eq. (3.44)

L

Calculate full benefit
from SETS >
Eq. (3.47)
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