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Abstract

In the accelerated transition to a sustainably powered economy, offshore
wind has increasingly become a strong focus in several nations as they offer
vast generation potential with minimal conflict for a relatively limited land
area. In Europe, Germany and Finland are among the top promoters for ex-
ploiting this clean resource, both sharing the Baltic Sea region.

This investigation analyses the offshore wind expansion plans in Finland
and Germany’s Baltic coast, and discovers a potential location for a BESS to
be installed in conjunction with existing and future generation to provide
services to the grid such as Grid Congestion Management for offshore gen-
eration, along with a simplified energy arbitrage algorithm, and evaluates
their business potential through the construction of a Free Cash Flow model
that ties together revenue and cost modelling, use-case-dependent degrada-
tion modelling and an alternate iterative sizing methodology for BESS.

It is discovered that the business potential of such a BESS depends signif-
icantly on the energy market conditions and its price volatility, but by com-
bining both an opportunistic curtailment capture algorithm with an energy
arbitrage algorithm as operating regime, synergies can be achieved which
strengthen the Internal Rate of Return of a 20-year project such as the pro-
posed system.

Keywords Grid Congestion Management, Offshore Wind, BESS, Energy
Storage, Baltic, Germany, Finland, Techno-economic Analysis, Business
modelling, battery cell degradation modelling, renewable curtailment, en-
ergy arbitrage.
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1 Introduction

As the world accelerates the transition to sustainable energy sources to limit
the increase in global temperatures, while in the midst of growing uncer-
tainty in energy security, governments must look forward into how their
economies will transition accordingly [1], [2]. Although progress has been
made in this regard, it is staggeringly insufficient to stay on track in most
measurable parameters, considering the sum of all countries’ contributions.

On the other hand, ever-increasing penetration of Variable Renewable En-
ergy (VRE) sources such as solar photovoltaic and wind power come with its
own set of challenges, as their output and geographical positions are not al-
ways in line with consumption areas. [3] This generates non-ideal situations
in the operation of power systems, which can be observed from their imme-
diate economic impacts on electricity markets, as well as longer-term tech-
nical issues such as voltage and frequency stability, fault tolerances and op-
erating reserve dimensioning [4]. These longer-term technical issues also
have inevitable economic consequences on the electricity market, but since
their impacts are spread out over a longer period, they should be studied us-
ing specific methodologies which reflect and quantify their overarching ef-
fects on different time horizons [3].

When talking about the impacts of VRE on power systems and their short-
term reflection on electricity markets, several day-to-day manifestations can
be observed in power systems which have a high share of VRE installed.
Amongst these, balancing groups and Grid Congestion Management (GCM)
measures are easily identifiable, as they can be traced quite transparently
through the Transmission System Operators’ (TSO) operational reports and
corresponding economic reports published on their web portals [5], [6]. Such
reports outline the preventive and corrective actions needed to maintain the
power system operating safely, while keeping the overall electricity prices as
low as possible given the regulations set by their respective governments.

The emergence of grid-scale Electrical Energy Storage (EES) such as Bat-
tery Energy Storage Systems (BESS) is requiring an ever-increasing amount
of research, both into the systems themselves [7]—[13], as well as their poten-
tial applications in a variety of positions within power systems, to identify
which of them make more sense as both a technical solution and a business
model [14]—[21]. The potential for each application studied is deeply tied to
the regulations in place, and therefore to the legislation of each country or
region [18], [22]-[27]. Out of the available technologies, Li-ion is currently
the most commercially mature and scalable, primarily driven by the expo-
nential growth in Battery Electric Vehicle (BEV) demand in recent years [28].



As a steppingstone towards legislation and regulation reforms, several re-
ports have been published by international agencies to guide governments to
sensibly incorporate innovative clean energy technologies into their own
codes and long-term strategies, for the end goal of providing the greater ben-
efit to society [1], [27], [29], [30]. As these reports reflect and invite, it is now
imperative that drastic measures should be taken to seek the curbing of
global warming, and this decade will prove to be critical as we approach
2050.

One of the most prominent technologies within VRE is wind power, and
as onshore resources are exploited to their potential, their continued expan-
sion is slowly beginning to taper in certain countries [2]. Additionally, as gov-
ernments are scrambling to stabilize energy security in light of the current
geo-political situation, VRE is receiving a renewed priority all around the
world. The next logical step in the development of wind power is the adoption
of Offshore Wind Parks (OWP) which do not compete for valuable land, and
which have seen a reduction in their Levelized Cost of Electricity (LCOE) of
48% over the last decade [29]. However, the operational issues regarding
their incorporation into power systems are certainly a factor to consider in
both the short and long term.

The Baltic Sea has been identified as a strategic region for the deployment
of OWPs, with a cumulative potential capacity of up to 93 GW and an annual
estimated generation of 325 TWh/year by 2050 [31]. Within this strategic
region, Finland and Germany will be considered as two candidates for iden-
tifying current and potential Grid Congestion (GC) along their respective
power systems with the deployment of their planned OWP and grid expan-
sion projects until 2030.

This investigation aims to explore the techno-economic feasibility of uti-
lizing BESS in the context of ever-expanding OWP installations and their
connections to mainland power systems, which are naturally prone to GC
given their typical topologies. To achieve this, a statistical analysis approach
will be utilized when reviewing TSO operation reports regarding GCM, which
will reflect the frequency at which OWPs have been curtailed, as well as the
power and energy values, reasons for the curtailment, and a breadth of other
useful information to understand how this management is being carried out.
This data will enable the dimensioning of the basic specifications for a BESS
that would serve to capture the otherwise lost renewable energy.

Similarly, a cross-reference between these operation reports and their cor-
responding attributable economic values will be carried out, to quantify the
cost penalties that are incurred when OWP curtailment is carried out in the
context of GCM, and consequently the potential for value capture and



revenue stream generation by the proposed BESS. Complementary to this,
the pertaining legal framework for the operation of VRE plants and power
systems will be considered, to stay in line with what is currently possible to
pursue as a business model.

Finally, the cost modelling for the proposed BESS will be factored in, to
optimize its size and specifications to maximize potential revenue streams
while minimizing capital and operational expenditures over the projected
lifespan of the power system asset. This analysis will focus on the active cath-
ode materials and weigh their costs and benefits to identify the most appro-
priate chemistry for this application.

In summation, the combined output of these aspects will deliver the esti-
mated key financial metrics for the proposed BESS to evaluate if there is busi-
ness potential in this application, and the stacking of additional revenue
streams to this system will be discussed for improving the general business
case for this technological solution. Consequently, the following research
questions will be addressed:

e What is the current VRE landscape, and what are the projections
for OWP expansion in the Baltic Sea region pertaining to Finland
and Germany until 20307?

e What are the current transmission system operating conditions
and GCM measures in the Baltic Sea region pertaining to Finland
and Germany?

e  Which OWP locations are most favourable for the integration of a
potential BESS?

e How much value is being lost with GCM, and how much value could
be captured with EES?

e What is the optimal sizing of a BESS for this application, consider-
ing the use case duty cycle?

e What is the optimal IRR and NPV of this BESS, for a 20-year pro-
ject horizon?

e How can additional services be stacked to make a more effective
use of this asset, and how does this affect the optimal sizing of the
system and its IRR and NPV values?
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2 Background

2.1 Global energy trends, statistics, and projections

A historic 6% year-over-year growth to nearly 295 GW in VRE installed ca-
pacity worldwide was achieved in 2021, despite the continuing effects that
the pandemic has had on supply chains, construction delays and raw material
commodity prices. [2] Despite higher than pre-pandemic costs in solar PV
and wind, their competitiveness has seen a dramatic improvement due to the
much sharper increases in coal and natural gas prices, product of the ongoing
Russia-Ukraine conflict.

As can be observed from Figure 1, the breakdown of net installed VRE ad-
ditions from the past 3 years illustrates that the increased additions for 2021
pertain mostly to solar PV and hydro installations, as wind power installa-
tions faced a deceleration of 17.4% year-over-year [2].

Solar PV now accounts for nearly half of new investments in renewable
energy, equally divided between distributed projects and utility-scale pro-
jects. Meanwhile, wind power is shifting focus from onshore to offshore de-
ployment, as 2021 saw a record 20 GW installed worldwide, even as 2020
saw a record in onshore deployment itself. Overall, VRE, power system and
storage investments now account for over 80% of total power sector invest-
ments around the world. [29].
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Figure 1. Renewable net installed capacity additions, 2019-2021. Bioenergy
includes biomass and biogas. Source: [2].
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Previous projections and estimates for 2022 and beyond have been recalcu-
lated due to the strong and sudden changes in the energy landscape consid-
ering the Russian-Ukrainian conflict, which are exerting additional pressure
on governments to pursue energy security through VRE and increased effi-
ciency measures. [2], [29] Improved efficiency measures grew by a record
16% in 2021, and they are expected to continue at virtually equal rates mov-
ing forward, despite facing opposition from additional external factors such
as lower consumer and business confidence, and higher loan costs.

Similarly, all major clean energy investment areas are foreseen to continue
growing in 2022, though critically, nearly half of the spending can be at-
tributed to inflation and increased costs, rather than pure increased deploy-
ment. [29] Figure 2 illustrates their trends over the last 5 years, together with
the revised projections for 2022. Notably, time horizons for investment pro-
jections are limited to one or two years, as the world faces high uncertainty
and volatility.
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Figure 2. Annual Clean Energy Investments, 2017-2022E. Source: [29].

In contrast, the rates at which clean energy deployments must increase in the
coming years are clear, if governments truly want to stay on track to curb
increased global temperatures to even 2.0 °C. [1] As ever, incentives will play
a critical role in the actual adoption rate of these technologies moving for-
ward, though market forces such as competition and economies of scale have
continued to generally drive down costs in the past decade. Given the in-
creased costs and uncertainties of the past years, policy will once again need
to be boldened to aid in the acceleration of the energy transition.
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2.2 BESS market trends and technology assessment
2.2.1 Market trends

The demand for grid-scale BESS is growing at an unprecedented pace, pri-
marily driven by the cost reductions obtained from the BEV market expan-
sion, and the increasingly tighter emissions and energy policies around the
world [32]. The most recent projections by Bloomberg NEF indicate that the
market for BESS, encompassing both BEVs and grid-scale storage, will grow
from 56 GWh in 2021 to 1194 GWh by 2030.

With increasing demand for these energy storage technologies, ideally supply
should ramp up to meet it. However, demand continues to outpace supply,
as can be observed for example in the long waiting times for both popular
BEVs and BESS of the leading manufacturers in the world. [28] Another
manifestation of this effect is observed in the recent price increases in both
categories, though as discussed previously, several other factors have con-
tributed to this outcome. However, recent onshoring initiatives for the entire
battery supply chain are poised to bolster all if its underlying processes in
North America and Europe, materializing in both increases in production ca-
pacity and further reductions in costs towards the end of the decade [33].
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From the supply side, battery chemistries and manufacturing techniques
continue to improve over time. International Patent Family (IPF) publica-
tions related to battery cell chemistries, cell level engineering and manufac-
turing, for example, have experienced an average year-over-year growth rate
of 11.3% from 2000 to 2018, with Lithium and Li-ion chemistries alone rep-
resenting 44.6% of all IPF publications in that timespan [34], [35]. They are
a good proxy for industrial development, as patent holders compete to scale
production of the most advanced technologies at their disposal. Additionally,
it can be observed in Figure 3 that there is a clear relationship between cell
engineering (design) and manufacturing patent publications, suggesting that
they develop together as one would suspect.

Out of the majority-holding Lithium chemistries being developed, the ones
that have presented the most growth in IPF publications are the Nickel Man-
ganese Cobalt (NMC) and Iron Phosphate (LFP) varieties, going from repre-
senting 13.4% and 6.0% of IPFs in 2000 to 27.7% and 17.6% by the end of
2018, respectively. [34] Figure 4 depicts the trends in publications over this
timespan, where it can also be observed that there has been an increase in
Nickel Cobalt Aluminium (NCA) chemistry developments, mainly targeted at
both high volumetric and gravimetric energy density applications, such as
high performance electromobility.
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Figure 4. Yearly International Patent Family publications within Lithium
chemistries, 2000-2018. Source: [34]
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Cobalt Oxide (LCO) and Manganese Oxide (LMO) chemistries have, on the
other hand, decreased from representing 37.3% and 43.3% of IFP publica-
tions in 2000 to 27.7% and 24.3% by the end of 2018. This is an indication of
both the level of maturity in these older chemistries, as well as the more re-
cent focus in developing chemistries that rely less on critical materials such
as Cobalt and Nickel.

2.2.2 Technology assessment

As discussed in the previous segment, two of the most highly researched lith-
ium-based battery cell chemistries in the last years are Nickel-Manganese-
Cobalt (NMC) and Iron Phosphate (LFP). [36] This is mainly due to a gener-
alized move away from chemistries containing high amounts of cobalt, which
has strong and unfortunate ethical considerations behind its mining pro-
cesses in the Democratic Republic of Congo, where 60 to 70% of the world’s
cobalt is mined.

Additionally, the move to lower cost and more abundant elements has led to
the optimization of the long-standing NMC 111 chemistry in favour of other
compositions such as 532, 622 and most recently 811, which reduce the utili-
zation of cobalt by 40%, 40% and 70%, respectively. [10], [34] This trend has
also reignited interest in LFP, which notably removes the use of cobalt and
nickel, another metal which has seen increasing concerns over its mining and
supply in recent years.

In this brief evaluation, NMC 811 will be compared to LFP, to obtain the most
relevant and up-to-date results possible, based on state-of-the-art research.

Safety is a key battery cell factor that determines the configuration of BESS,
as the measures that must be taken to ensure its reliable operation over its
lifespan can be quite different [37]. Given the selected application as a power
system asset, safety is one of the most pressing concerns and key factors that
play into the overall system cost and land footprint.

The electrochemical mechanisms which lead to thermal runaway in NMC
chemistries with high nickel content, such as NMC 811, are greatly mitigated
in LFP, due to their inherently different electrochemical behaviour. [38], [39]
Additionally, LFP’s increased tolerance to high temperatures before thermal
runaway is attributed to the thermochemical degradation of its cathode and
electrolyte, which is less exothermic than NMC 811, and leads to a milder
runaway effect that is easier to contain.

Mechanical safety such as perforation and impact resilience, though more
relevant in the electromobility context, are still higher in LFP compared to

15



NMC 811 since it stems from the same fundamental principles [40]. It is im-
portant to keep in mind that Battery Management System technology can
maintain both chemistries operating within their safe temperature ranges,
but having a broader range to start is an advantage.

The performance and longevity potential of a particular chemistry under
specified operating conditions such as charge/discharge depth, C-rate, am-
bient temperature, and Equivalent Full Cycles (EFCs) can vary significantly.
[9], [39], [41], [42] Based on some of the latest degradation studies carried
out for several chemistries, including NMC 811 and LFP, under a comprehen-
sive set of operating condition configurations, the long-term advantages LFP
brings, especially considering the higher Depth of Discharge (DoD), effi-
ciency, EFC and effective energy throughput at lower temperatures, can be
clearly observed. [38] Furthermore, the electrochemical mechanisms that
may lead to accelerated degradation or “knee points” in the degradation
curves are observed to be less prominent in LFP for temperatures between 5
and 15°C, charge rates below 1C, discharge rates below 0.5C, and DoD up to
100%, at atmospheric pressure. Under these conditions, LFP outperforms
the other chemistries by almost an order of magnitude in capacity retention
and total energy throughput at equal EFC.

Finally, cost is a fundamental characteristic that can make or break the
techno-economic feasibility of any technology. At the cell level, due to econ-
omies of scale, NMC had been the lower cost option up to 2020, when the
LFP production ramp reached cost parity at the €/Wh [11], [43]. However,
for grid-scale applications many other factors must be considered than the
cell level cost, as anticipated above.

The volumetric energy density of the cell packs plays a prominent role when
compared to gravimetric energy density, since the BESS volume has a higher
impact on its associated land costs. [44] NMC performs better in this regard.
Stacking of packs has been proposed in the literature but it has yet to mate-
rialize in projects, primarily due to safety and maintainability aspects. The
inherently safer chemistry that LFP provides, decreases the amount of fire
control measures needed, while the better performing NMC for power dense
applications may lead to decreased costs by requiring a smaller footprint.
[37] Power dense applications for grid-scale BESS are mostly associated with
frequency-related services and are not considered in the scope of this inves-
tigation.

Consequently, the most favoured chemistry for energy-related services and
the scope of this investigation will be LFP.
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2.3 OWRP projections in the Baltic Sea until 2030

It has been identified that the Baltic Sea region has a strategically valuable
wind energy potential, with an estimated total annual production capacity of
up to 93 GW and generation of 325 TWh/year by 2050 [31]. Given the deter-
mined scope of this work, the planned expansions for OWP in the Baltic
coasts of Finland and Germany will be explored to determine where it would
preliminarily make more sense to place a BESS.

2.3.1 Finland

As reported by the Finnish Wind Power Association, most of existing and
planned wind power plants are and will be deployed onshore. This is mainly
due to costs, and the existing onshore wind potential has not been exhausted
yet with this cost-driven strategy. [45] Additionally, OWP plans have had to
adhere to more complex permit processes, which increase costs and slow
down deployment. However, 2022 has seen an increased push for accelerat-
ing renewable deployments and electrifying industry, which in turn has led
to a currently ongoing re-evaluation of the streamlining of permits [46].

Table 1 depicts all current OWP projects in Finland, with their respective
stages of development, power output range estimations and commissioning
dates. It can be observed that there are currently no OWP expected to be
commissioned in the next 6 years, and 7 of the 12 upcoming plants still don’t
have an estimated commissioning date, reflecting an earlier stage of plan-
ning. [46]For the plants which are expected to be online by 2030, their total
installed capacity would lie between 4.82 and 7.36 GW.

Table 1. Baltic Sea OWP projects in Finland — 2022 status. Source: [46]

Name Stage Output [MW]  Year
Tahkoluoto Phase | In production 2 2010
Tahkoluoto Phase Il In production 42 2017
Korsnas Land use plan process started 1300 2028
Halla EIA process ongoing 1600 — 2600 2030
Laine EIA process ongoing 1500 - 2500 2030
Siipyy EIA done 240 - 480 2030
Inkoo-Raasepori EIA done 180 — 480 2030
Kiiri Land use plan or STR done 40-80
Suurhiekka Land use plan proposal 400
Nimettdmanmatala Identified project / pre-screening 96 — 160
Hoikkahiue-Luodeletto Identified project / pre-screening 390 - 650
Ulkonahkiainen Identified project / pre-screening 250 - 400
Maanahkiainen Land use plan or STR done 216 — 432
Tahkoluoto Expansion EIA process ongoing 200 — 495
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It could be argued that the range of the total installed capacity by 2030 would
have the potential to disrupt the transmission grid’s operation. To better un-
derstand how these planned deployments could have an impact on the grid,
it is useful to contextualize their planned locations across Finland’s coastline.
Figure 5 illustrates the locations of the 12 OWP projects in development and
the 2 projects in production, where the area of the circles outlines the average
estimated installed capacity of each plant. The colours differentiate the pro-
jects which are in production (blue), have a target commissioning date by
2030 (green) and those which don’t yet have a date (orange).
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Figure 5. OWP projects in the Finnish Baltic coast. Source: [46]

It is straightforward to infer that the integration of these relatively scattered
plants to onshore nodes would not generate as much strain as they would if
they were in closer proximity to each other along the coastline, with one no-
table exception: the Oulu region in the northern Baltic coast. As can be ob-
served in subfigure a, there are 5 potential OWP locations in this region
which are in different planning stages. The combined installed capacity of
these projects would lie between 1352 and 2042 MW, compared to Halla’s
1600 to 2600 MW, which is estimated to be commissioned by 2030. If these
additional projects would be commissioned, the total installed capacity in the
Oulu region coast could be as high as 4642 MW. However, these 5 projects
have not reached a sufficient maturity in their planning stages to be able to
confidently examine this potential outcome, and presumably they would be
commissioned after 2030, outside the scope of this work.
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Finally, to be able to study the potential impact on the high-voltage transmis-
sion system, there should exist some fundamental information regarding the
electrical interconnection characteristics of each OWP, such as interconnec-
tion voltage, DC or AC topology, and the mainland substations which they
will inject power to. [46] Unfortunately, since the planning and permitting
processes for all the Finnish OWP projects have not reached that stage yet,
there is not much more that can be done within the scope of this work, other
than acknowledge the need for a re-evaluation of this topic as more of these
planning and permitting processes progress.

2.3.2 Germany

On the other hand, Germany’s OWP expansion plans in the Baltic Sea are
both more defined in scope and in time horizon. Given the geographic limi-
tations of its coastline in the Baltic Sea compared to Finland, and the prox-
imity of Denmark’s islands, there are limited options for expanding OWP ca-
pabilities. Table 2 depicts the list of OWP projects which are in production
and in development along the German Baltic coast.

Table 2. Baltic Sea OWP projects in Germany — 2022 status. Source: [47]

Name Stage Output [MW] Year
EnBW Baltic1  In production 48 2011
EnBW Baltic2 In production 288 2015
Wikinger In production 350 2020
Arkona In production 378 2020
Arcadis Ost 1 Final investment decision 247 2023
Baltic Eagle Final investment decision 476 2024
Windanker Awarded in tender 300 2026
Wikinger Sid  Awarded in tender 10 2026
Gennaker Awarded in tender 927 2026

Although Finland began its OWP developments in the Baltic Sea one year
before Germany, it is now lagging significantly in both commissioned pro-
jects and projects which are slated for commissioning in the next 5 years. By
2026, all the currently determined German projects will be online, though by
2030 there might be additional ones in operation, which haven’t been an-
nounced yet.

As can be observed in Figure 6, all but one of the projects are located outside
the 12 nautical mile border, and apart from EnBW Baltic 1 and 2, they are all
located within the same region in the Baltic Sea, called the Westlich Adler-
grund cluster. In contrast to the large variance of planned OWP project ca-
pacities from the Finnish Baltic coast, the German Baltic projections will in-
crementally add between 247 and 476 MW at a close to yearly rate until 2026,
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except for the 10 MW expansion to the Wikinger OWP. This steady increase
of installed capacity over the next 3 years could have the potential to affect
the nodes in the mainland transmission system, as the OWP output in the
Westlich Adlergrund region would grow from 728 to 1761 MW.
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Figure 6. OWP projects in the German Baltic coast. Source: [47]

There is one additional project worth mentioning, which is not included in
Figure 6: Gennaker. This OWP was approved in 2019 and was slated to be
commissioned in 2022, but it faced a strong backlash from environmental
and wildlife preservation organizations for its potential to negatively impact
migratory birds which cross the sea through that area [26]. After years of re-
evaluation, it has recently received approval to start construction once more.
This OWP is to be developed in the surrounding area of EnBW Baltic 1,
though it will not share any of its electrical infrastructure, having its own
dedicated 220kV AC connection to mainland, and a new dedicated onshore
substation will be built to accommodate its output. Once completed, it will be
the largest OWP in the German Baltic coast [47].

Notwithstanding, the rest of this work was elaborated by focusing on a par-
ticular node in the mainland transmission system, as can be observed in Fi-
gure 7. The onshore substation where the OWPs in the Westlich Adlergrund
region interconnect is called Lubmin, and the future interconnection for the
additional OWPs from that region will be called Briinzow. Given both their
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physical and electrical proximity in the transmission system, they will be con-
sidered as the same overall injection node.
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Figure 7. Overview of OWP projects in the Westlich Adlergrund region.

Given the information presented in this chapter, it is clear to understand that
the Finnish Baltic Coast does not yet present suitable node candidates in
which to continue focusing on for the rest of this work. On the other hand,
the German Baltic Coast does present at least one interesting node candidate,
as previously determined. Therefore, the hypothetical BESS which will be
further developed and studied in the rest of this work, will be connected at
the Lubmin + Briinzow node, where only the Wikinger and Arkona plants are
currently feeding into the power system. This will enable the efficient analy-
sis of all the OWPs by grouping them as a whole plant connected to one sub-

station, and will enable the study of operation statistics in the following chap-
ter.
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3 Research material and methods

To enable the techno-economic assessment of a hypothetical BESS connected
in the Lubmin substation, a combination of a statistical review of the operat-
ing electric market conditions, Grid Congestion Management and OWP cur-
tailment is a necessary first step in determining the costs that the market is
having to face with the increased penetration of VRE in this region.

Once this is determined, the system costs will be treated as potential revenue
streams for the BESS to capture, as the energy would otherwise be curtailed
during GCM manoeuvres. Next, the regulatory framework pertaining to the
ownership and operation of BESS within the electricity market will be evalu-
ated, to define under which circumstances this proposal is feasible. Finally,
the BESS dimensioning and costs will be parametrized based on the desired
power output and duration of the system, and a matching revenue function
will be parametrized using these same variables.

Altogether, this will enable the final optimization of the system to reach the
most favourable Internal Rate of Return for the duration of the project hori-
zon, given the operating conditions and services being modelled.

3.1 Statistical Analysis of power system operation — GCM
and OWP curtailment

The German Baltic coastal region belongs to the control area of the 50Hertz
TSO in the northern region of the country. Therefore, all operational data
processed for this chapter was obtained from the official 50Hertz website and
archives. The relevant reports for this investigation are the ones concerning
re-dispatch measures, as Grid Congestion Management and OWP curtail-
ment form a part of them.

In October 2021, a new power system standardised redispatch regime which
enabled German TSOs to curtail VRE and therefore OWPs came into effect.
[5] However, due to the necessity of executing trial curtailments to verify the
correct operation of such mechanisms, 50Hertz officially started acting on
these operational rules since November, leaving October as a trial month in
which Wikinger and both EnBW Baltic 1 and 2 OWPs had successful test op-
erations that validated the readiness of both the power system and curtail-
ment mechanisms.

Since then, daily GCM reports have potentially included all 4 Baltic OWPs as

part of their measures, though EnBW Baltic 1 and 2 are treated as one plant
for curtailment, since they share the same interconnection to the mainland.
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Their operational names, as per the official GCM reports, are “50H OWP MIO
Baltic 1+2”, “50H OWP Wikinger” and “50H OWP Arkona”, and their in-
stalled capacities are 336.3, 360 and 385 MW, respectively. However, and as
clarified previously, the scope of this work will be limited to the statistics per-
taining to the Wikinger and Arkona plants, given their shared mainland in-
terconnection node.

3.1.1 Triggering processes for re-dispatch and curtailment

There are 5 triggering processes that can lead to re-dispatch and OWP cur-
tailment [48]: Week Ahead Planning Process (WAPP), Preventative Redis-
patch Process (PRD1), Day Ahead Congestion Forecast (DACF or PRD2), In-
traday Congestion Forecast (IDCF) and Close to Real Time (C2RT). Their re-
lationships can be illustrated with the use of a timeline, as presented in Fi-
gure 8.
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Figure 8. Redispatch process timeline overview. Source: [48]

As its name suggests, WAPP identifies potential Grid Congestion in the Ger-
man power system one week ahead of the date, leveraging forecasts related
to energy market prices and weather conditions, along with maintenance to
grid assets and power plants. It is carried out in 2 iterations, with the second
one being executed just as the Day Ahead bidding process closes.

PRD1 and DACF or PRD2 are both carried out in the day-ahead planning
process, with the key differentiator being the control area size and timeframe
within the day ahead calculations. While PRD1 identifies GC within the Ger-
man control area in the first calculation for the day-ahead market, PRD2 in-
tegrates the greater European day-ahead market control areas, considering
the cross-border power flows from market coupling.
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Finally, IDCF and C2RT are both executed once the complete European day-
ahead planning has been finalized, to tackle any unforeseen or near-term var-
iability that may lead to GC. The key difference between them is the time
horizon they act upon, with IDCF operating from the closing time of the day-
ahead planning process up to 2 hours before execution time (t-2), and C2RT
closing the gap from t-2 to execution time t.

Considering all the measures identified above, operational re-dispatch re-
ports from 50Hertz are analysed from November 1st, 2021, to June 30th,
2022. The relevant data pertaining to Baltic OWP curtailment is then filtered
and collected into a condensed dataset, where further analysis can be carried
out.

3.1.2 Data processing pipeline for operational reports

The redispatch reports from 50Hertz, which are uploaded daily, in Excel for-
mat, with a 2-week delay after operation, follow a simple and consistent
structure which contains the following elements [5]:

e Date: The effective redispatch date when the different commands
were executed.

e GM-Art: The name of the article that encompasses the executed
measures. In this case it is always “Redispatch".

e Triggering Process: As described above.

¢ Requester: Which German TSO requested the measures.

¢ Overloaded Network Elements:

o Triggering Network Elements:

e Plant / Cluster: The power plants or clusters which were ordered to
ramp up or down their production because of redispatch. In this case
it is always “50H OWP Wikinger” and/or “50H OWP Arkona”.

e Command / Direction: Increase or Decrease infeed for selected
plant or cluster.

e Checksum: The total daily energy differential between the day-
ahead planning and the actual infeed per plant or cluster as part of the
redispatch measures. Measured in MWh.

e 15-minute intervals from 00:00 to 23:45: the discrete infeed
power, measured in MW, which was commanded to either increase or
decrease as part of the redispatch measures.

For each day between 01.11.21 and 30.06.2022, the 50Hertz redispatch re-
ports were downloaded and any relevant Baltic OWP data was compounded
into a separate Excel file, where additional processing and the statistical anal-
ysis took place.
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3.1.3 Quantification of power system costs

The cost penalty that the overall electricity market must pay to compensate
for redispatch measures can be determined using two different datasets: the
day-ahead market prices, and the intraday trading indices, both for the con-
trol area of 50Hertz which lies in the Germany-Luxembourg market region.
The day-ahead market prices can be obtained from various sources since they
are free and transparent. In this case, they were obtained from the Strom-
marktdaten (SMARD) online platform. The downloaded files, in CSV format,
contain the hourly day-ahead prices for each day within the specified date
range. These files were imported into Excel and aggregated to the curtailed
power time series obtained from the 50Hertz redispatch reports.

However, the intraday trading indices are not free and therefore must be pur-
chased from the relevant market operator platform, which in this case is
EPEX Spot. It was determined that the most useful index to use for the esti-
mation of redispatch costs within intraday manoeuvres was the ID1 index,
which is a volume-weighted average of the prices of all trades for a certain
delivery period on one specific market area (in this case Germany-Luxem-
bourg) over the last hour before start of delivery of the product [49]. It is
calculated for 15-minute, 30-minute and hourly products alike. Since the na-
ture of IDCF and C2RT redispatch is short-term and close to the delivery
time, the 15-minute ID1 product was chosen to best represent the behaviour
of redispatch costs within intraday trading [50], [51]. Similar to the SMARD
platform downloads, the files purchased from the EPEX Spot platform come
in CSV format and were also aggregated in the same way to the curtailed
power time series obtained from the 50Hertz redispatch reports.

The next step in the quantification process for GCM and OWP curtailment
costs is to multiply the quarter-hourly curtailed energy by the relevant mar-
ket price. In this case, the day-ahead price was used for the WAPP, PRD1 and
DACEF calculations, and the 15-minute ID1 price index for the IDCF and C2RT
ones, to give a better estimation of the real system costs.

Finally, the daily total costs are obtained by adding the individual quarter-
hourly costs derived in the previous step, for the 96 time intervals in each
day. These daily totals are then incorporated to the statistical analysis to com-
plete the view on power system costs and be better equipped to estimate con-
sequently projected revenue streams for the BESS being evaluated.

3.1.4 Overview of regulations for potential BESS business case

Before entering the next chapter, the relevant electricity market regulations
should be examined, to clarify what would constitute the correct ways to
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position the proposed BESS as a business, by verifying who could own and
operate this power system asset, and by which mechanisms it would generate
the revenues from its proposed services: OWP curtailment capture, and en-
ergy arbitrage.

In Germany, TSOs are not allowed to own power generation assets or partic-
ipate in the electricity markets due to conflicts of interest [25], [27]. While a
BESS would not technically be a power generation asset in the traditional
sense, it would enable its owner to participate in the different markets by of-
fering different ancillary services. Therefore, TSOs cannot own or operate
BESS in Germany.

On the other hand, private third-party developers could integrate BESS pro-
jects to the relevant power system nodes to offer ancillary services and/or
engage in energy arbitrage. Their limitation in this case would be the lack of
real time power system operation transparency, which would stop them from
being able to independently capture otherwise curtailed energy coming from
OWPs connected to the same nodes. They would also require an independent
interconnection to the power system, which would increase their costs.

A third option would be that the developers and operators of the existing
OWPs install the proposed BESS by connecting it to their mainland substa-
tions. This would potentially enable a better utilization of land and existing
infrastructure and therefore reduce costs, while ensuring access to real time
power system operation data that would enable them to comply with the
TSO’s requests to curtail by capturing that energy in their own BESS [52].
This would allow them to sell that zero-cost energy while engaging in tradi-
tional arbitrage and any other possible additional ancillary services. There-
fore, this would be the optimal alternative under the current regulatory cir-
cumstances.

3.2 BESS modelling and optimization

To be able to successfully create a realistic techno-economic model for BESS,
several steps must be carried out in the process [53], [54]. In this work, 3
sequential steps are developed to ensure its thorough modelling and conse-
quent optimization. First, the modelling of potential revenue streams as a
function of nominal power and duration values, based on the data obtained
in the previous chapter and the consequent power system costs due to GCM
and OWP curtailment. Second, the modelling of BESS costs as a function of
nominal power and duration values, while focusing on the chosen chemistry
for the proposed use case — LFP. Third, the cash flow model development
and consequent optimization for maximizing the Internal Rate of Return
(IRR) of the proposed project.
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3.2.1 Revenue modelling

There are two proposed business cases for the scope of this work, the capture
of otherwise wasted curtailed energy from the OWPs connected to the Lub-
min substation, and energy arbitrage. The energy arbitrage charge and dis-
charge algorithm is the simplest between the two, so it is derived first.

Energy Arbitrage Modelling

As the main concept of energy arbitrage, electricity is stored in the BESS dur-
ing the hours of the day when the day-ahead prices are lowest and selling
back when they are at their highest. [55], [56] Therefore, the only input to the
algorithm is the nominal duration, in hours, of the BESS, according to its
nominal power and energy. This assumes that during the arbitrage duty cy-
cle, the BESS will charge and discharge continuously at its nominal output,
from 0 to 100% State of Charge (SoC), or 100% Depth of Discharge (DoD),
referred to nameplate capacity.

Given that both the day-ahead and intraday prices are aggregated in Excel,
the charge (arbitrage cost) and discharge (arbitrage revenue) formula logic is
described as follows.

Charge (Eur/MWh) =
(SUMPRODUCT(SMALL(A:B,SEQUENCE(C)))+(D)*SMALL(A:B,E))/(F*G) (1)

Discharge (Eur/MWh) =

(SUMPRODUCT(LARGE(A:B,SEQUENCE(C)))+(D)*LARGE(A:B,E))/F (2)
Margin (Eur/MWh) = Discharge - Charge (3)
Where

A: Day-Ahead hourly price at 00:00

B: Day-Ahead hourly price at 23:00

C: Truncated integer of actual BESS duration in hours

D: Truncated decimal of actual BESS duration in hours

E: Rounded-up integer of actual BESS duration in hours

F: Actual BESS duration in hours (no truncation or approximation)
G: Roundtrip efficiency

The charging logic seeks out and adds the lowest hourly values equal to the
truncated integer duration of the BESS within the specified day, according to
the public Day-Ahead pricing. It then seeks out and adds the next lowest
hourly value multiplied by the truncated decimal duration of the BESS and
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divides the total sum by the non-truncated BESS duration and the BESS
roundtrip efficiency, effectively lumping all the charge and discharge losses
to the charging portion of the algorithm.

Similarly, the discharging logic employs the same process but focuses on the
highest hourly values, to effectively buy during the lowest periods of the day
and sell at the highest. To obtain the margin it is only then needed to subtract
the charging costs per MWh from the discharging revenues per MWh. This
margin can then be brought back to the main calculation of revenue by mul-
tiplying the obtained margin by the effective capacity of the BESS (in MWh).

The term “actual BESS duration” corresponds to the system’s nominal dura-
tion divided by the RTE, to account for losses. The revenues obtained for this
analysis sample are annualized linearly based on the proportion of revenue
generated for the sample period versus a 350-day-per-year active BESS, and
then extrapolated linearly for up to the 20-year project lifetime.

Curtailment Capture Modelling

As the final deliverable of the previous chapter, the power system costs re-
lated to the OWP curtailment of the Wikinger and Arkona plants connected
to the Lubmin substation are determined, for the period between 01.11.2021
and 30.06.2022, with a quarter-hourly time granularity. The format of this
deliverable can be exemplified with Table 3.

Table 3. Example of quarter-hourly system cost format.

Triggering Plant / 00:00 00:15 23:30 23:45
Date Process Cluster Cost Cost Cost Cost
(€/MWh) (€/MWh) (€/MWh) (€/MWh)
11.18.21 IDCF Wikinger 0.00 0.00 0.00 0.00
02.12.21 PRD1 Arkona 2006.17 0.00 0.00 0.00
21.06.22 IDCF Arkona 0.00 0.00 0.00 0.00
24.06.22 DACF Wikinger 337.26 730.73 0.00 0.00

Once the historical curtailment commands and corresponding system costs
are arranged by dates, the remaining step is to create an algorithm for the
potential BESS, which will take the curtailment commands as inputs to de-
cide if it should charge or discharge. This approach is precise and serves as a
baseline for simple extrapolations and forecasts for the 20-year project life-
time, while remaining consistent with more advanced econometric tech-
niques for intraday prices [57].
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To keep the algorithm as simple as possible, the following assumptions and
design considerations are taken:

e During days where curtailment capture is carried out, no other reve-
nue-generating algorithm is combined.

e The SoC at the beginning of every day under the curtailment capture
regime is always zero.

e If the end-of-day State of Charge (SoC) of the BESS under the curtail-
ment capture algorithm is greater than zero, it is assumed that the re-
maining stored energy will be sold under the arbitrage algorithm dur-
ing the next day, and that its average selling price will be equivalent to
the 75t percentile of the DA price.

e To increase the revenue potential under this regime, the BESS is dis-
charged at maximum power when there is no curtailment instruction,
so it always seeks to maximize cycling and throughput.

Under these assumptions and design considerations, the curtailment capture
charge/discharge algorithm is represented in Figure 9 and described below:
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v
— pcih=0? > Yes
< . SoC(t-15)-P_nom/4<=07 = -Yes - » SoC(t)=0
No T L I
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-No B SoC(t) = SoC(t-15) + P_C(t) / 4

Figure 9. Flowchart representation of curtailment capture algorithm.
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Where

P_C(t): Curtailment command issued by the TSO (MW)

SoC(t): Calculated BESS SoC for the current 15-minute interval (MWh)
SoC(t-15): BESS SoC for the previous 15-minute interval (MWh)
P_nom: BESS nominal power rating (MW)

E_nom: BESS nominal energy rating (MWh)

For each quarter-hour time interval which starts between 00:15 and 23:45,
the above logic is applied, which calculates the BESS SoC for the current pe-
riod by considering the current curtailment commands from the TSO (or lack
thereof), compares it to to the BESS nominal power rating to determine the
rate of charge and therefore final SoC for the current period, while consider-
ing the previous period’s SoC. If there is no curtailment command, it auto-
matically starts to discharge the system at nominal power until empty or until
the next curtailment command is issued.

For the initial period of the day starting at 00:00, the logic is simplified since
it does not need to compare the SoC to the previous period, given the assump-
tions made.

After all the SoC values are calculated for the day, the next step is to multi-
ply the quarter-hourly discharged energy by the respective prices, as exem-
plified in Table 3. The table of values obtained from the curtailment capture
algorithm cannot be directly used for this, however, since they reflect the
cumulative energy in the BESS, while the correct values for the calculation
are only the negative energy differentials per interval, which correspond to
the intervals in which the system was discharged during the day. Therefore,
a simple intermediate differential step from period to period is needed to
compute and obtain the potential revenues, which then are aggregated to
reach the daily totals.

Given that the arbitrage regime is considered as an every-day activity when
by itself, and the sample range of dates matches to the one used for the cur-
tailment capture algorithm, it is necessary to also annualize them and ex-
trapolate them for the lifespan of the project. This process is carried out in
the same way, considering an effective 350-days-a-year of continuous oper-
ation per year to leave room for maintenance activities.

Finally, when combining both algorithms, it is considered that during the
days where curtailment capture takes place, there are no arbitrage activities
happening, to prioritize the higher margins obtained, and strive for a bal-
ance between asset utilization and increased revenue generation.
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3.2.2 Cost modelling

In a grid-scale BESS project, as in any project, there are CAPEX and OPEX
costs. Additionally, in a budding industry application, technological learning
concepts can be applied to complement pure bottom-up costing and reach a
more holistic estimation. [11], [32], [43], [44], [58]-[61] A comprehensive
set of recent academic and industrial studies, models and projections were
analysed to inform of an appropriately accurate cost structure for the partic-
ular BESS being used in this application. A particular focus was placed on
LFP modelling, and both the Total Overnight Costs (TOCs) and their corre-
sponding OPEX were benchmarked across the set of studies, models, and
projections.

Key observations resulting from the comprehensive literature review include:
e There is no standard method of estimating costs, although LCOS is a
step in that direction, when the corresponding parameters and as-
sumptions are made explicit. Literature reflects bottom-up, technol-

ogy learning, and expert citations for diverse BESS technologies.

e There are generally 2 methods of estimating the OPEX for BESS pro-
jects: with and without mid lifecycle upgrades and replacements.

e Some literature focuses on pack-level costs while others focus on com-
plete system and project costs.

e Attention must be made to carefully distinguish the terminology of
nameplate capacity and usable capacity, especially considering if it is
specified at the beginning or end of life of the system.

e Over the last 8 years, price forecasts have increasingly deviated from
market values in a pessimistic way, indicating the market is driving
down costs faster than anticipated [43].

To derive the most appropriate cost forecasts for this investigation, two aca-
demic reports [44], [61] and one financial report [58] were compared, and
coupled with the meta-analysis presented in [43], it was concluded that the
most appropriate cost estimation would be extrapolated from the results pre-
sented in the low or optimistic case by the Pacific Northwest National Labor-
atory (PNNL) [44].

The challenge with utilizing any cost estimation results for this investigation,
is to establish a reasonable regression to fit the two-variable cost function,
whose inputs are nameplate power (in MW) and nameplate duration (in
hours). Cost structures, as reported by PNNL, range from 2 to 10-hour name-
plate durations in 2-hour increments, and 1 to 1000 MW nameplate power,
in 1-order-of-magnitue increments.
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A surface fitting optimization was carried out in Matlab® to obtain the clos-
est matching characteristic type of surface function for the data available, uti-
lizing the built-in tools of the software. Three separate curve-fitting exercises
were carried out, covering the overnight CAPEX, EPC + Project Development
costs, and the annual OPEX, and therefore 3 surface functions were obtained
to characterize the variations along the two variables, which feeds into the
cost side of financial evaluation.

In addition, the degradation of the BESS over the project’s lifespan is directly
related to its operating conditions and operational regime, as exemplified in
the previous chapter. Most literature and industrial modelling logic for BESS
projects assumes a set DoD for the system over its lifetime, and sizes the ac-
tual capacity based on this at the beginning of life, such that it requires an
“augmentation” near its midpoint to bring it back to its original capacity and
operate its second half, or fractions as necessary. This is under the assump-
tion that the operational regime will cause a degradation that merits this re-
furbishment. However, this investigation postulates that, by slightly over di-
mensioning the BESS duration at the beginning of life, it is possible to reach
the end of life at the project horizon end, without needing any refurbishments
along the way. This is based on the extensive literature review into LFP deg-
radation pathways and the operating conditions and operational regimes that
minimize their impact over the lifetime of the cells. A simplified illustration
of the comparison of these philosophies can be observed in Figure 10.
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Figure 10. Indicative comparison of BESS sizing philosophies, actual versus
nameplate capacity, with and without considering augmentation over its life-
time. Source: [44]
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The necessary conditions for this to be achieved were specified in the previ-
ous chapter, but it is useful to mention them again in this section, since the
ways to secure these conditions are being discussed. Table 4 summarizes the
key variables that have been identified to contribute to the long calendar and
cycle life of the proposed BESS, along with the ways to reach those conditions
realistically.

Table 4. Ideal BESS operating conditions and corresponding linearized de-
gradation rates. Source: [9], [39], [41], [42]

Operating Condition variable Unit Ideal Range
Cell Temperature °C 5-15
Charge rate C <05
Discharge rate C <0.5
Depth of Discharge % 100
Calendric degradation rate % [ year 0.25%
Cyclic degradation rate % / cycle 0.002%

As can be observed, maintaining a charge and discharge rate under the re-
quired ideal conditions for minimal degradation mostly places the lower
boundary condition for the duration of the proposed BESS, which in this case
would correspond to a 2-hour system if the nameplate capacity would equal
the actual capacity and the DoD is 100%. However, if we consider a conserva-
tive end-of-life capacity for a grid-scale BESS at 80%, then that provides an
appropriate starting point for the iterative calculation process for the sizing
mechanism proposed in this investigation, placing the effective lower bound
of such a system at 1.6 hours. Given that PNNL uses an 80% average DoD
factor to size their BESS models, and the RTE being assumed for this inves-
tigation is equal to the one used in theirs, it can be considered that the cost
functions are equally applicable under this alternative sizing mechanism,
which is described below.

As inputs to the actual BESS capacity, the process begins with the nameplate
or usable capacity, and applies a linear degradation rate which is propor-
tional to the lifespan of the project — in this case 20 years — and applies a
second linear degradation rate which is proportional to the number of Equiv-
alent Full Cycles (EFC) of the BESS, according to the selected use case duty
cycle.

In the curtailment capture use case, the EFCs are calculated after the same
nameplate values are input to the curtailment capture revenue algorithm, in
which one of the outputs is the effective throughput of the system given its
capacity and power ratings, which is then linearly extrapolated to reach 20
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years of operation, and is then divided by the beginning-of-life actual capac-
ity to finally obtain the corresponding EFCs.

In the energy arbitrage use case, the calculation is much simpler and straight-
forward. The model considers one cycle per day at nameplate capacity, which
is then extrapolated for 20 years of daily operation. Each year considers 350
effective days of operation, leaving room for 15 days a year for maintenance
operations. The same logic applies to both use cases.

The degradation rates are obtained from the literature review and corre-
spond to the LFP degradation patterns observed when cycling cells under the
conditions specified previously, maximizing their lifespan. It is worth noting
that this investigation assumes that, if the BESS can maintain the above-
mentioned operating conditions during the lifetime of the project, the battery
cells and racks will fall under the approximately linear degradation trends
that literature reports, trying to prevent the accelerated degradation rates ob-
served and presented as “knees”.

The model then computes the theoretical end of life capacity in percentage
compared to the beginning-of-life nameplate capacity, factoring in the deg-
radation stemming from the given use case and the project lifespan. It then
divides the nameplate capacity by both the BESS RTE and the capacity per-
centage at EOL, to obtain the initial actual capacity needed to guarantee the
nameplate values can be delivered throughout the lifecycle of the project.
This comprises one iteration of the sizing calculations.

However, the EFCs required to calculate the EOL capacity percentage need
to be adjusted after the first iteration, since it utilizes the average capacity of
the BESS over the project’s lifespan, equal to the average of the BOL and EOL
capacities. Once the EFCs are recalculated, a new EOL capacity percentage is
consequently obtained, and further iterations are carried out until conver-
gence is achieved.

Once the BOL actual capacity has been determined through this iterative
method, the three most relevant costs for the Free Cash Flow (FCF) model
are obtained from the cost functions derived previously. These three costs are
the overnight CAPEX, EPC + Project Development costs, and the annual
OPEX. It is important to note that in this case, OPEX obtained from the cost
function does not include the embedded costs which correspond to charging
costs in the energy arbitrage operational use case, as they are already consid-
ered as part of its corresponding algorithm. The EPC and Project Develop-
ment costs are separated from the overnight CAPEX because they need to be
accounted for in different ways for the FCF model.
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3.2.3 Free cash flow model and IRR optimization
To achieve the FCF model, both the revenue algorithms and the cost algo-
rithms are brought together and combined with a set of financial parameters

and assumptions, which are described in Table 5.

Table 5. Financial parameters and values used. Source: [16], [19], [21]

Parameter Unit Value
Day-Ahead Price Average % 4.3
Yearly Escalation
Corporate Tax Rate % 15.83
Discount Rate = WACC % 5.6
Percentage of Total Over- % 20
night Costs Financed
Interest Rate % 8.0
Depreciation rate - Linear over 20 years

As can be inferred from the financial parameters, the FCF model considers
20% of the Total Overnight Costs will be financed at an 8% annual rate, and
the WACC is used as the discount rate for the project. The tax rate used cor-
responds to the applicable German rate, and it is assumed that on average,
the day-ahead market prices will increase at a rate of 4.3% each year for the
20-year project horizon.

The key financial results obtained after the complete FCF evaluation are In-
ternal Rate of Return (IRR), Net Present Value (NPV) and Payback Time
(PBT), while the key technical results are the EOL capacity in percentage and
the oversizing percentage. Other important financial metrics include the TOC
and the Average Revenue per EFC. Figure 11 illustrates the overall simplified
process diagram for this project.

As the final stage of the investigation, an optimization was carried out to max-
imize the IRR of each of the 5 use cases: Curtailment Capture, Energy Arbi-
trage (2021-2022), Curtailment Capture plus Energy Arbitrage (2021-2022),
Energy Arbitrage (2019-2020), and Curtailment Capture plus Energy Arbi-
trage (2019-2020). For each of the use cases, the optimization was carried
out twice, to consider both cost functions for 2021 and the predicted 2030
costs. In all the cases, the two control variables were the nameplate power
and duration for the system at BOL, in MW and hours respectively, and their
constraints were the following: nameplate power between 10 and 728 MW,
duration between 1.6 and 8 hours. 728 MW being the combined output of the
Wind Parks Altona and Wikinger, and the durations corresponding to the
compensated values obtained in the previous chapter.
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Figure 11. Simplified global process overview, including use-case-optimized
oversizing and financial characteristics.

Given that the calculations and modelling were done in Excel®, optimization
methods in the same platform were investigated, to stay within the same pro-
gram. It was discovered that the Solver addon contains two potential optimi-
zation algorithms which fit the iterative and non-linear nature of the model:
the evolutionary optimization algorithm and the Generalized Reduced Gra-
dient Non-Linear (GRGNL) algorithm.

The evolutionary optimization algorithm takes randomized samples within
the constrained ranges of the control variables, computes the corresponding
IRRs, and carries out a process of iterative natural selection, slightly modify-
ing the next generation’s input variables and selecting the highest IRRs in
each generation until convergence is reached. This method has the benefit of
being the most exhaustive and the most likely to converge to a global maxi-
mum, with the caveat of being the most compute-intensive by orders of mag-
nitude compared to the GRGNL method.
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The GRGNL optimization algorithm uses a less computationally intensive
process compared to the evolutionary algorithm but has two major draw-
backs: it struggles with non-smooth objective functions, and it has a lower
probability of converging to the global maximum since it must begin from a
feasible starting point, which makes it vulnerable to converging to local max-
ima versus the global solution [62]. However, there is an option to configure
a feature called “multistart”, in which a fixed amount of randomized potential
starting points is picked, then the algorithm runs for each of the points and
keeps track of the highest until it converges by elimination, with a much
higher probability of success, to the global maximum. In this regard, this
brings the best of both algorithms in terms of precision and speed. Conse-
quently, this is the preferred optimization method used in this investigation,
and the configuration parameters set can be observed in Table 6.

Table 6. Configuration settings for GRGNL solver.

Parameters — GRGNL solver Value
Optimization objective Maximum
Maximum number of iterations 200
Maximum number of subproblems 200
Convergence 0.1
Derivatives Central
Use multistart (population size) Yes (200)
Require bounds on variables Yes

As the final step in the optimization process, the solver results are recorded,
a brief sensitivity analysis is carried out on both control variables, and they
are manually tuned to retain the same IRR obtained from the solver, while
increasing the NPV as much as possible. The key final results for each of the
10 cases are then compiled and a final what-if analysis is carried out for each,
sweeping both control variables in their respective ranges, and heat maps are
then generated to visually reflect the distribution of IRR results.
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4 Results and Discussion

Once the different analyses explored and detailed in previous chapters were
completed, a diverse and complementary set of results was obtained, includ-
ing some additional results which aid in the consolidation of the hypotheses
set forth at the beginning of this investigation. These additional results are
aggregated in their corresponding sections with most relevance.

4.1 Statistical Analysis of power system operation — GCM
and OWP curtailment

4.1.1 Frequency and nature of OWP triggering mechanisms

As a recapitulation of the methodology description, a statistical analysis was
carried out on the redispatch and OWP curtailment reports published by
50Hertz, exploring the frequency, magnitude, and several key descriptive
statistics to discover any business case potential for a grid-scale BESS con-
nected at the onshore substation connection point where OWP Arkona and
Wikinger are injecting to the transmission network — the Lubmin + Grunzow
substations supernode.

The results presented in the following figures outline the nature of the imple-
mentation of the recent changes to the grid code which allows the curtailment
of renewables including OWPs for grid balancing and GCM. These reflect
both the pure statistics on when and how often each different triggering
mechanism effected the curtailments, along with their corresponding eco-
nomic impacts on power system operation.

The overall statistical description achieved revealed that, during the sampled
period between November 1st, 2021 and June 30, 2022, there were 198 days
with redispatch, out of which 60 days directly affected the generation of
OWPs in the German Baltic Sea region. This means that redispatch was pre-
sent on 82.2% of days, where 30.3% percent of those days with curtailment
led to the curtailment of OWPs. Overall, OWP generation was curtailed on
24.9% of days during the sample period, or roughly one out of four days on
average.

By detailing monthly the frequency of OWP curtailment vs redispatch, it can
be observed that the most curtailed months were February and March with
15 and 13 days respectively, representing 53.6% and 46.4% of the days with
redispatch during those months. In contrast, November and December had
the lowest number of days with OWP curtailment with 1 and 3 days respec-
tively, representing 5.6% and 13.0% of the days with redispatch during those
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months. Table 7 shows the count of days with OWP curtailment during the
sample period, along with the total days with redispatch per month.

Table 7. Monthly count of days with redispatch and OWP curtailment

Month Days with redispatch Days with OWP curtailment
November 2021 18 1
December 2021 23 3
January 2022 28 7
February 2022 28 15
March 2022 28 13
April 2022 29 9
May 2022 20 8
June 2022 24 4

Diving deeper into the statistics for redispatch and curtailment, it becomes
increasingly relevant to understand which trigger mechanisms are most
prominent than others, first to validate the operating logic assumptions for
the proposed BESS, and to accurately calculate the power system costs in-
curred by each of these over the sample period. Figure 12 outlines the fre-
quency of different redispatch trigger mechanisms over the 241-day sample
period, which directly affected the OWP generation. The areas of the ellipses
are directly proportional to their corresponding share of the total curtailed
days, and altogether they are complementarily exhaustive.

45/

Figure 12. Euler diagram of redispatch triggering mechanisms for OWP cur-
tailment present in the sampling period, in days
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The approach to discuss the results in Figure 12 is in accordance with the
time horizon and triggering processes reflected in Figure 8, as follows.

The WAPP over the sampling period successfully predicted 7 days which
would have OWP curtailment, while failing to identify the other 53 days
where different combinations of the remaining mechanisms handled the
GCM. In addition, there were no days in which the WAPP predicted accu-
rately the volumes of energy to be curtailed, since all days which WAPP iden-
tified required iterative refinement through all the rest of the mechanism.
This, however, is not surprising given the difficulties associated with high
spatiotemporal resolution weather forecasting technologies with capability
to forecast accurately a week ahead.

The PRD1 mechanism accounted for a minority of the days with OWP cur-
tailment, with only one instance of successfully predicting the day-ahead cur-
tailment needed, and the remaining 2 days having needed the DACF mecha-
nism to iteratively balance. However, whenever PRD1 identified curtailment,
all the curtailed energy volumes were accurately predicted without needing
to balance in the ID period.

The DACF or PRD2 mechanism was present in 40 of the 60 days with OWP
curtailment, making it the most frequent mechanism from the set. It success-
fully predicted the curtailed energy required for 22 days by itself, and a fur-
ther 4 days with the support from the WAPP and/or the PRD1 mechanisms.

Finally, the ID mechanism was the second most frequent trigger for OWP
curtailment in the sample period, accounting for 33 days in total, out of which
it balanced 18 on its own. This is highly relevant, as it implies that 30% of
days with OWP curtailment were not foreseen, even at the day ahead forecast.

4.1.2 Curtailed power and energy trends

After understanding the nature of the triggering mechanisms and their per-
vasiveness during the sampling period, a further statistical analysis is placed
on the actual curtailed power and energy over the same period, on a daily
resolution. To achieve this, a set of descriptive statistics were calculated for
the total daily curtailed energies, the daily maximum and average curtailed
power ordered by the TSO, and consequently the global average energy to
power ratios were calculated from these metrics to inform of a potential base-
line sizing for the proposed BESS.

In the analysis of the daily total curtailed energy values, 6 statistical outliers

from the 60-day sample population were discovered. These outliers are unu-
sually high and correspond to the days where the OWP generation was
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curtailed over 6105.25 MWh in a single day. Out of these 6 outliers, only one
of them fell within the top 2 most frequently curtailed months (February),
while the rest were mostly in May, and one was in April. Table 8 highlights
the key information regarding these outliers.

Table 8. Outlier analysis for daily curtailed energy values.
Date Curtailed energy WAPP DACF ID

(MWh) (%) (%) (%)
23.02.22 7863.50 100
28.05.22 7628.25 96 4
07.04.22 7271.00 100
26.05.22 6961.25 100
27.05.22 6709.00 28 47 25
14.05.22 6105.25 100

Interestingly, one of these outliers was detected in the WAPP and had already
foreseen a relatively high amount of curtailment a week before, suggesting
there were other planned network related factors such as scheduled mainte-
nance or unavailability which could have allowed the WAPP to detect it. An-
other relevant fact is that in most of the cases observed, the DACF mechanism
was sufficient to predict and balance the total curtailment in these outliers,
only having to fall back to the ID mechanism on 2 occasions for 4% and 25%
of the energy.

The next step in the statistical analysis is to process the data considering the
outliers described. By removing the outliers from the sample, the daily total
curtailed energy values become more compact and with lower median and
average values of 1260 and 1640 MWh respectively, compared to the original
1471 and 2185 MWh. By carrying out the same analysis on the maximum and
average daily curtailed power, it is discovered that there are no statistical out-
liers. Therefore, the results from the calculations for the corresponding en-
ergy to power ratios for both the maximum and average daily curtailed power
can be observed in Figure 13.

The blue and orange box-and-whisker plots illustrate the energy-to-power
ratios for the complete sample data set, while the light blue and yellow plots
show the filtered results with the outliers removed. The blue tones are calcu-
lated with the maximum daily curtailment power, while the warm tones are
calculated with the average daily curtailment power. The clear differentiation
is made for both maximum and average power values because it can be useful
for different potential use cases for the proposed BESS. For example, a BESS
which is sized according to the baseline set with the median of the yellow plot
would be best suited for energy-related services, while a BESS sized using the
baseline from the median of the light blue plot would potentially be better
suited for more power-related services. All of this from a market perspective,
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not considering the associated BESS cost functions which are dependent on
this ratio (as it translates into duration in hours for the BESS, for any power
rating).
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Figure 13. Box-and-whisker distributions for maximum power and average
power-based energy-to-power ratios

It is worth pointing out the effect that removing the total daily energy outliers
has on the distributions, as can be most clearly observed from the change
between the orange and yellow plots. The compacting of the distribution to-
wards lower values brings the third quartile value more in line with the typi-
cal energy-services-related BESS observed in literature. On the other hand,
the effect of this outlier removal is less evident in the blue-toned plots since
the primary focus is anyway more power-related services and is therefore less
impacted by it.

Given the algorithm developed for the curtailment capture BESS regime is
opportunistic by nature, it would be expected to therefore be closer to the
range illustrated in the light blue plot, and given the CAPEX-intensive nature
of grid-scale BESS projects, a conservative starting point for sizing such a
system could be considered between its first quartile and median. This range
would correspond to a BESS duration between 2 and 3.8 hours.
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Finally, by superposing all the quarter-hourly curtailment power data over
time, a new perspective and insights can be derived from observing how, in
aggregate and in chronological order, the OWP curtailment commands
evolved over the sample period. Figure 14 illustrates, from bottom to top and
from lighter to darker shades of orange and brown, the evolution of all the
quarter-hourly curtailment power commands from the TSO to the OWPs
during the sample period considered.

Figure 14. Chronologically aggregated quarter-hourly OWP curtailment po-
wer commands observed in sample period

It can be observed in Figure 14 that as winter progressed and changed to
spring, the times of day when there were OWP curtailment commands
started increasing faster between 9:00 and 17:00, clearly reflecting on a solar
generation bell curve which can be expected, given the high amount of re-
newable penetration in the German energy mix. It is interesting to observe
how the interactions between solar and wind generation with the grid can
become more tangible, and how GCM is becoming more and more relevant
for all stakeholders in the energy market. Also becoming self-evident is the
need for grid-scale storage systems such as BESS and seasonal storage, in
addition to market mechanisms which target the alleviation of these conges-
tions, and the advancement of more precise weather forecasting systems for
the dispatch planning and optimization of today’s power systems. Dynamic
transmission system asset rating could also be a key technology which would
enable TSOs to better utilize their existing infrastructure and minimize grid
congestion with increased transparency and reliability.
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4.1.3 Economic impacts of OWP curtailment

After exploring the nature of the OWP curtailment triggers and the charac-
teristics and trends in the energy and power associated with it, the final step
from this section is to quantify the power system costs stemming from redis-
patch and OWP curtailment. By multiplying the hourly or quarter-hourly
curtailment powers by their corresponding day-ahead or intraday prices for
the dates in the sample range, key information is obtained. Figure 15 illus-
trates the proportions of energy curtailed and associated system costs per re-
dispatch triggering mechanism, where the total figures are indicated below.

a) Total Energy Curtailed by b) Total System Costs by
Mechanism Mechanism
4% 4o 3%1 %

26% /

40%

56%

Global Total: 69% Global Total:
130.9 GWh 12.1 Million €

s WAPP =PRD1 PRD2 =ID

Figure 15. Total energy curtailed and total system costs by redispatch trigge-
ring mechanism

PRD2 or DACF is the mechanism which is responsible for most of the cur-
tailed energy, with 69% of the 130.9 GWh total for the sample period. This is
congruent with the trend observed in Figure 12, where it was present in 66%
of the days where OWP curtailment happened. However, when it comes to
the power system costs associated with the different mechanisms, the pro-
portions tilt in favor of the ID mechanism. The system costs associated with
DACEF reduce to 56% while they increase for ID from 26% of energy curtailed
to 40% of the costs. This is clearly attributed to the higher prices in the intra-
day market, where the reference values of the ID1 index were taken as proxy
for the actual costs incurred in the multitude of transactions happening in
the intraday market. On the other hand, the costs associated to the WAPP
and PRD1 mechanisms remain largely the same and proportional to their re-
spective curtailed energy.
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When it comes to the averaged cost per MWh, the differences become even
more apparent, with the effective cost for the ID mechanism being 89%
higher than the next mechanism (DACF or PRD2). These prices are calcu-
lated directly from the total figures presented in Figure 15, without detailed
separation of any combinations between them. This means that whenever
there are days with a combination of ID and other mechanisms, it is approx-
imated only as ID and therefore the reflected price is even slightly lower than
in reality. These approximated values are shown in Figure 16, while a clear
combinatorial separation based on the frequency distribution presented in
Figure 12 is presented in Figure 17.
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Figure 16. Total Eur/MWh per dominant daily redispatch triggering mecha-
nism

Once a further detailed separation of the total system costs based on the com-
binations and intersections of mechanisms is carried out, a more granular
view of attributable system costs is obtained. In Figure 17, the yellow plots
correspond to such costs per mechanism intersection, while the blue plots
represent a further processed price which is frequency weighted, meaning
the prices calculated and represented in yellow are divided by the number of
days in which each mechanism intersection occurred. This is done to contex-
tualize the results and show how they contribute to the grand total more ac-
curately.

There is one interesting scenario observed for the intersection corresponding
to WAPP, PRD1 and PRD2, in which the price is slightly negative. This is im-
portant to note, since the German market, as most European energy markets,
permit market clearing prices to be negative, both in the intraday and in the
day-ahead markets. The fact that the only day observed which had this
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combination of mechanisms averaged out to having a slightly negative price
is indicative that during that day there were generally negative prices, which
are inherently associated with a surplus of renewable generation. Given the
trends observed in Figure 14, it is highly likely that the PRD1 and PRD2
mechanisms were triggered given more accurate day-ahead solar generation
forecasts for that day. Furthermore, the date when this occurred was on
30.03.2023, towards the beginning of the spring, though it seems it could
have been more likely to happen in the summer.
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Figure 17. Total and frequency-weighted Eur/MWh by triggering mechanism
intersection

Another interesting observation is the increasingly dominant participation of
the 2 largest sections of Figure 12, PRD2 and ID, along with their intersec-
tion. While the rest of the mechanism intersections see a reduction of up to
98% in their costs when frequency weighed, PRD2, ID and their intersection
only perceive a 63%, 70% and 82% reduction, respectively. It is important to
keep in mind that the secondary vertical axis has been proportionally scaled
to one third the range of the primary axis, to maintain cohesion in the viewing
experience.
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4.2 BESS modelling and optimization
4.2.1 Cost modelling

After executing the cost function surface fitting in Matlab® and obtaining

AxxE +C*yD
1.14%x1000

(4), the different coefficients for the func-

tion given the type of cost and the cost year are described in Table 9.

the general surface function as described in Cost (MEUR) =

A*xB+C*yD
1.14%1000

Cost (MEUR) = (4)

Where
X: nominal duration (hours)

Y: nominal power (MW)

Table 9. Surface fitting function coefficients for 2021 and 2030 BESS costs

Cost Type (USD/kW) Year A B C D

Total Installed 2021 2171 1.051 4024 -0.2102

EPC + Sl + PD 2021 6582 1.054 1173 -0.2158

O&M 2021 0.7194 1.028 1.687 -0.1677

Total Installed 2030 1599 1.047 307.5 -0.2052

EPC + Sl + PD 2030 126  0.7739 -30.17 0.1794

O&M 2030 0.6266 1.026 1.456 -0.1694

As observed from the type of best fit surface function, BESS costs per kW
generally decrease as the duration and power of the system decrease in a
slightly exponential way, albeit considerably faster with respect to the nomi-
nal power. However, the most intuitive way to understand these values is
through a graphical representation such as the one depicted in Figure 18.
Heat map representation of Total Installed Costs for proposed BESS, for du-
rations between 2 and 10 hours, and power ratings between 10 and 1000
MW, where Total Installed Costs for the BESS have been calculated with the
cost function and the respective coefficients for 2021 and 2030.

A key characteristic of these heat maps is the semi-logarithmic scale used for

the vertical axes, which compresses the vertical size to a manageable layout.
This is also represented as such to not deviate considerably from the limited
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number of surface points used from the literature review, which only pro-
vided cost breakdowns for BESS power ratings of 10, 100 and 1000 MW.

1000 582 844 1110 1379 1650 1923 2197 2473 2751

316 193 277 362 448 534 621 709 797 885
a) 2021 Total
Power

100 64 91 118 145 173 200 228 256 =284 Installed Costs
(MW)
(MEur)

316 | 21 30 38 47 56 65 73 82 N
10 7 10 13 15 18 21 24 26 29
2 3 4 5 6 7 8 9 10

1000 432 623 817 1013 1210 1409 1609 1809 2011

316 143 205 267 329 392 456 519 583 647

b) 2030 Total
Power 100 48 67 87 107 127 147 167 187 208 |nstalled Costs

(MW) (MEur)
316 16 22 28 35 41 47 54 60 67

10 5 7 9 1" 13 15 17 19 21

Duration (hours)

Figure 18. Heat map representation of Total Installed Costs for proposed
BESS, for durations between 2 and 10 hours, and power ratings between
10 and 1000 MW

As can be observed, the cost functions share the same characteristic shape,
with equal relationship between the costs along their surfaces, even if the
curves themselves are not the same. It is forecasted optimistically by PNNL
that 2030 costs will achieve greater economies of scale, and the outcome of
the learning rate methodology they use is reflected in the consistent decrease
in costs across all power and duration ratings.

4.2.2 Degradation modelling

As previously stated, the operating conditions for any BESS are critical in de-
termining the degradation the system will undergo throughout its lifetime.
The ideal cycling conditions stemming from recent literature, to maximize
the lifespan of BESS, have been summarized in Table 4, where all but one of
the ideal operating conditions can be achieved by the correct sizing of the
system, within the consequent boundary conditions. Given the sizing meth-
odology in this investigation stays withing these boundary conditions by de-
sign, the only remaining condition that must be met to ensure the low
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degradation rate and avoid “knee points” in the capacity curves of the system
over its life is the cycling temperature.

Literature states that the ideal temperature range for minimal degradation
and increased charge/discharge efficiency for LFP chemistries lies between 5
and 15°C, which in a large part of the world is unrealistic to maintain inside
the BESS containers, racks, and cells. This is mostly due to average ambient
temperatures being considered close to 25°C, where the consequent energy
needed to keep the cells within the ideal range is significantly increased.
Given degradation is the key factor in determining the sizing of the system in
this investigation, an increased attention to atmospheric conditions in the
Lubmin region was placed, to evaluate if it would be realistic to assume a
BESS placed in that region could achieve internal temperatures in the ideal
range.
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Figure 19. Yearly 2-meter average ambient temperatures in the Lubmin re-
gion, 1981-2021.

The average yearly temperatures at 2 meters of altitude from surface level
were plotted in Figure 19, including the average yearly minimum and maxi-
mum temperatures, to achieve a holistic view of how the climate in the Lub-
min region is characterised. The data used was obtained from the NASA /
POWER CERES / MERRAZ2 satelite, with a monthly resolution, and from the
location with the coordinates (54.1388, 13.6773).

The average of average temperatures across the 40-year measurements is

8.8°C, while the average of maximum temperatures is 17.7°C and the average
of the minimum temperatures is 1.3°C. It is therefore assumed that these
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ambient temperature conditions have sufficient historical backing to guaran-
tee that a BESS located in this region would be able to maintain internal tem-
peratures in the ideal range for minimized cell degradation. Therefore, all the
operating conditions summarized in Table 4 are met for this proposed BESS,
and therefore the degradation rates are assumed to be in line with the opti-
mal values observed in literature, linearized to 0.25% capacity loss per an-
num, and 0.002% per cycle.

4.2.3 Free Cash Flow modelling and optimization

The final steps in this investigation are bringing together the technical and
economic aspects that have been explored and discovered so far, crafting the
FCF model described in previous chapters, and utilizing the Excel® Gener-
alized Reduced Gradient Non-Linear solver with the parametrization de-
scribed in Table 6, to maximize the IRR for all the considered scenarios.

In total, 10 scenarios were modelled, with 5 distinct operating regimes or
combinations of operating regimes, considering the costs for 2021 and 2030
projections. They can be summarized as follows:

e Curtailment capture

e Energy Arbitrage for 2021-2022 period

e Curtailment capture + energy arbitrage for 2021-2022 period
e Energy Arbitrage for 2019-2020 period

e Curtailment capture + energy arbitrage for 2019-2020 period

The reason for carrying out the evaluation of the Energy Arbitrage algorithm
for 2 different years as baseline is primarily due to the unusual energy market
conditions that were present during the sampling period between November
2021 and June 2022, driven by the Russian-Ukranian conflict, as well as the
effects of the Covid-19 pandemic from 2020 to 2021. Therefore, the bench-
mark for a “normal” energy market was taken from the pre-pandemic 2019
to 2020 period, to compare how well the algorithm does under both scenar-
ios, and how the opportunistic curtailment capture algorithm either helps or
hinders the profitability of the proposed BESS, and potentially changes its
optimized sizing.

Similar logic applies to the reasoning behind testing all the 5 operating re-
gimes under both the 2021 costs and the 2030 cost projections, to evaluate
how it impacts the project financials, but more importantly to evaluate how
it could impact the optimal sizing given the changing cost structures as the
technology scales and matures. Heat maps were created to illustrate the im-
pact both power and duration ratings have on the IRR of a BESS sized with
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this investigation’s logic, and can be observed in Figure 20,Figure 21Figure
22Figure 23Figure 24.
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10 35% 39% 37% 32% 27% 21% 15% 09% 0.3%

1000 2.8% 1.4% 0.0% -1.2% -2.3% -3.3% -4.3% -52% -6.1%

316 6.0% 5.8% 5.1% 4.3% 35% 27% 19% 12% 0.5%
b) Curtailment
Power 100 [69% 7.0% 66% 59% 52% 45% 38% 3.1% 24% Capture IRR,
(Mw) 2030 Costs

316 [6.9% 7.2% 69% 62% 56% 4.9% 42% 35% 29%

10 6.3% 6.8% 66% 6.0% 54% 4.8% 4.1% 3.5% 29%

Duration (hours)

Figure 20. IRR heat maps for curtailment capture algorithm, considering
2021 and projected 2030 costs.

Starting with the opportunistic curtailment capture algorithm, the what-if
analysis in Excel® for the range of values specified results in a mostly similar
distribution of profitable BESS sizes, with the maximum located in the vicin-
ity of a 31.6 MW, 3-hour system. Reflecting back on Figure 13 and the con-
servative estimated baseline range for a power-related-services-focused
BESS of between 2 and 3.8 hours, it can be confirmed that in fact it was a
valid and appropriate baseline estimation, as the optimized size lies approx-
imately in the midpoint of those values.

Both the 2021 and 2030 cost functions end up generating roughly the same
behaviour in profitability distribution, given that in both cases the optimal
sizing would be in the same vicinity in both power and duration. However,
the 2030 costs would translate to a 2.9% increase in IRR over the lifespan of
the project, or a 67.4% increase in profitability when using the 2021 costs as
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baseline. The detailed results for this and all operating regimes will be aggre-
gated towards the end of the chapter.

1000 |20.5% 19.8% 18.9% 17.8% 16.7% 15.6% 14.4% 13.3% 12.1%

316 19.8% 19.4% 18.5% 17.6% 16.6% 15.4% 14.3% 13.1% 12.0%

a) Energy Arbitrage
Power 100 19.1% 18.9% 18.2% 17.3% 16.3% 15.2% 14.1% 13.0% 11.9%  2021-2022 IRR,

(MW) 2021 Costs
316 18.1% 18.2% 17.7% 16.9% 16.0% 15.0% 13.9% 12.8% 11.7%

10 17.1% 17.5% 17.1% 16.4% 15.6% 14.7% 13.7% 12.6% 11.5%

1000 26.8% 26.1% 24.9% 23.7% 22.3% 20.9% 19.5% 18.0% 16.6%

316 25.9% 25.5% 24.5% 23.3% 22.1% 20.7% 19.3% 17.9% 16.5% .
b) Energy Arbitrage

Poiisi o 2021-2022 RR,
(MW) 100 24.9% 24.8% 24.0% 22.9% 21.7% 20.4% 19.1% 17.7% 16.3% 2030 Costs

316 23.8% 23.9% 23.3% 22.4% 21.3% 20.1% 18.8% 17.5% 16.1%

10 22.4% 23.0% 22.6% 21.8% 20.9% 19.7% 18.5% 17.2% 15.9%

Duration (hours)

Figure 21. IRR heat maps for energy arbitrage algorithm under 2021-2022
market conditions, considering 2021 and projected 2030 costs.

The energy-focused arbitrage algorithm results in optimized BESS sizing in
the vicinity of a 1000 MW, 2-hour system, with no significant deviations be-
tween the sizes calculated with the 2021 and 2030 projected costs. Similarly
to the previous case, there seems to be a consistent improvement in profita-
bility with the 2030 costs, as economies of scale lead to decreases across the
board. There is a 6.3% IRR improvement between the 2030 and 2021 costs,
or a 30.7% profitability increase when setting the 2021 result as baseline.

Reflecting on the initial estimated ranges for an energy-services-focused
BESS from Figure 13, the results obtained are considerably lower than the 3
to 5.8-hour duration system suggested from the statistical analysis of curtail-
ment. This, however, does make sense since the energy arbitrage algorithm
will reach the optimal sizing which best covers the DA prices, independent of
any OWP curtailment which might happen. Therefore, the results indicate
that there is high variability in DA prices, since the 2-hour optimal size re-
flects what a traditional peaker plant would cover each day, and that there
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are comparatively lower profits to be made with a larger system, considering
the BESS cost improvements over time.

1000 [19.2% 18.2% 17.1% 15.9% 14.8% 13.6% 12.5% 11.4% 10.3%

316 19.9% 19.5% 18.5% 17.5% 16.4% 15.2% 14.1% 12.9% 11.8%

p a) Curtailment
OWET 100 |19.7% 19.6% 18.9% 17.9% 16.9% 15.8% 14.6% 135% 124% Capture + Energy

(M Arbitrage 2021-2022
31.6 [19.0% 19.2% 18.6% 17.8% 16.8% 15.8% 14.7% 13.6% 12.5% IRR, 2021 Costs

10 18.0% 18.5% 18.1% 17.4% 16.5% 15.5% 14.4% 13.4% 12.3%

1000 125.2% 24.0% 22.6% 21.3% 19.9% 18.5% 17.1% 15.8% 14.4%

316 26.0% 25.6% 24.5% 23.2% 21.8% 20.4% 19.0% 17.6% 16.3% :
b) Curtailment

Power - 5 . . . . ,, Capture + Energy
(MW) 100 (25.7% 25.7% 24.9% 23.7% 22.5% 21.1% 19.7% 18.3% 17.0% Arbitrage 2021-2022

IRR, 2030 Costs
316 24.9% 25.2% 24.6% 23.5% 22.4% 21.1% 19.7% 18.4% 17.1%

10 23.6% 24.3% 23.8% 23.0% 21.9% 20.7% 19.4% 18.2% 16.9%

Duration (hours)

Figure 22. IRR heat maps for curtailment capture + energy arbitrage algo-
rithm under 2021-2022 market conditions, considering 2021 and projected
2030 costs.

When combining both operating regimes, the optimal sizes obtained lie in
the vicinity of a 316 MW, 2-hour system, with IRR values slightly lower than
those obtained from the energy-arbitrage-only regime. This is more indica-
tive of a realistic scenario, since the total power output of OWPs Arkona and
Wikinger is 728 MW, so a 1000 MW BESS would not make sense to be retro-
fitted to it. Furthermore, the profitability values could also be considered as
more realistic, as it combines the strengths of both algorithms, balancing a
long term and stable arbitrage revenue with the high-cycling and opportun-
istic one. The fact that the combined IRR values are less than the pure arbi-
trage algorithm is a reflection of the unusually volatile market conditions,
therefore the analysis and sizing optimization necessitates to consider pre-
pandemic market conditions, to more accurately describe a profitability tar-
get for such a BESS.

Comparing the IRR between 2030 and 2021 costs, a 6.1% increase is ob-

tained, representing a 30.7% improvement when setting the 2021 result as
baseline.
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1000 [ 0.4% 0.0% -04% -09% -1.5% -21% -2.7% -3.3% -4.0%

316 0.1% -0.2% -0.6% -1.0% -1.6% -2.2% -2.8% -3.4% -4.1%

a) Energy Arbitrage
Power 100 -03% -04% -0.8% -12% -1.7% -2.3% -2.9% -35% -41% 0021-2022 IRR,

(MWw) 2021 Costs
316 -0.7% -0.7% -1.0% -14% -1.9% -2.4% -3.0% -3.6% -4.2%
10 -1.2% -1.1% -1.3% -1.6% -2.1% -2.6% -3.1% -3.7% -4.4%
2 3 4 5 6 7 8 9 10
1000 |2.9% 25% 20% 1.5% 09% 0.3% -0.3% -1.0% -1.7%
316  25% 23% 18% 1.4% 08% 0.2% -0.4% -1.1% -1.7% .
. ’ ’ ’ ’ ’ 0 ° g b) Energy Arbitrage
2019-2020 IRR,
Power 400 21% 20% 16% 12% 07% 01% -05% -1.2% -1.8%
(MW) 2030 Costs

316 1.6% 16% 14% 1.0% 05% -0.1% -0.7% -1.3% -1.9%
10 1.1% 12% 1.1% 07% 03% -0.3% -0.8% -1.4% -2.0%

Duration (hours)

Figure 23. IRR heat maps for energy arbitrage algorithm under 2019-2020
market conditions, considering 2021 and projected 2030 costs.

Exploring the optimal sizing under pre-pandemic market conditions results
in a system with ideal size like the 2021-2022 market conditions, albeit with
considerably lower profitability. The 2021 costs under these conditions net a
20.1% lower IRR, or a 98% comparative decrease in profitability, while the
2030 costs net a 23.9% lower IRR, or a 89.2% comparative decrease in prof-
itability.

In both cases, the optimal size remains in the vicinity of a 1000 MW, 2-hour
system, suggesting that even under pre-pandemic market conditions, the in-
creased costs of a higher than 2-hour system still do not outweigh the poten-
tial revenue streams it can generate.
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1000 5.0% 4.0% 29% 2.0% 1.2% 04% -04% -1.2% -2.0%

316 6.8% 65% 59% 51% 4.3% 36% 28% 21% 1.4%

P a) Curtailment
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2 3 4 5 6 7 8 9 10
1000 8.0% 6.9% 57% 4.7% 3.8% 29% 21% 1.3% 0.5%
316 102% 9.9% 9.1% 83% 7.4% 65% 57% 4.8% 4.0% .
b) Curtailment

Power . . . . . . " ,, Capture + Energy
(MW) 100 10.7% 10.6% 10.1% 9.4% 8.6% 7.8% 7.0% 6.2% 54% Arbitrage 2019-2020

IRR, 2030 Costs
316 105% 10.7% 10.3% 9.6% 8.8% 8.1% 7.2% 64% 57%

10 9.8% 102% 99% 93% 86% 79% 7.1% 64% 56%

Duration (hours)

Figure 24. IRR heat maps for curtailment capture + energy arbitrage algo-
rithm under 2019-2020 market conditions, considering 2021 and projected
2030 costs.

Finally, by combining the opportunistic algorithm with the arbitrage algo-
rithm under pre-pandemic market conditions, an apparent double maximum
or broader optimal sizing region appears in the results. Independent of the
consideration of 2021 or 2030 cost projections, the optimal size in this re-
gime lies between a 31.6 and 100 MW, 2 to 3-hour system. By considering an
estimate value in the midpoint of this range, it approximates to a 50 MW,
2.5-hour BESS. This size range represents a shift from the one obtained un-
der 2021-2022 market conditions, decreasing from approximately 316 MW
to 50 MW and increasing from a 2 to 2.5 hours duration. This is indicative of
a more balanced and favorable revenue-generating operation, which can lev-
erage investments in longer duration systems to strike a balance between the
benefits of both regimes.

When comparing the results with 2030 vs 2021 costs, the decrease in costs
translates to higher profitability, but not a change in optimal sizing range. A
3.4% increase in IRR which translates to a 46.6% increase by setting the 2021
profitability values as baseline.
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Table 10. Aggregated technical and economic results from IRR optimization
following a manual NPV sub-optimization, with 2021 costs.

Optimal Curtailment Arb. 21- Curt. + Arb. Arb.19-  Curb. + Arb.
Results 22 21-22 20 19-20
MW o o o]
) . (o] . (o] . (o]
(%OWP) 43 (5.9%) 728 274 (37.6%) 728 64 (8.8%)
Hours 2.8 2.0 20 2.0 24
0]
(2%(;/|<;afs) 91.7 % 83.3 % 83.3 % 83.3 % 83.0 %
Oversizing 26.8 % 39.7 % 39.7 % 39.7 % 40.1 %
IRR 43 % 20.3 % 19.9 % 0.3 % 74 %
(ngr) 3.4 665.9 250.3 153.8 7.2
PBT (<) 15 6 6 20 12
Equity
CAPEX 30.9 377.8 146.7 377.8 42.8
(MEur)
kEur/Cycle 18.6 196.6 74.6 374 8.8

The first four rows of tables 10 and 11 include the key technical results ob-
tained from the optimization process, and the following 5 rows contain the
key financial results associated with them.

Curtailment capture optimization led to an optimal size of 43 MW and 2.8
hours, within the estimated region as shown in Figure 20. 43 MW represents
5.9% of the installed capacity of OWPs Arkona and Wikinger, reflecting the
opportunistic nature of the algorithm to maximize revenue streams at mini-
mal costs. Its EoL capacity after 20 years is projected at 91.7%, which is a
clear consequence of the low asset utilization rate stemming from the on av-
erage once-every-4-days curtailment. Consequently, the oversizing required
for this low utilization rate is comparatively low at 26.8%. With a payback
time of under 15 years and an average revenue per cycle of 18.6 thousand
Euros, it serves as a baseline to compare the performance of the energy arbi-
trage and combinations of operational regimes.

Energy Arbitrage under 2021-2022 market conditions is much more favour-
able economically than curtailment capture alone. A payback period of less
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than 6 years and an IRR of 20.3% make it a more attractive option at face
value. However, the risks and associated rewards of a volatile energy market
should be considered in investment decisions such as for this project. The
equity CAPEX required is also 12.2 times the amount needed for curtailment
capture, given it maximizes the power rating at 728 MW (equal to the in-
stalled capacity of OWP Arkona and Wikinger combined). On the other hand,
the daily cycling of this regime translates to an increased degradation, with
an EoL capacity of 83.3% and a correspondingly required oversizing of
39.7%, a 48% increase when compared to curtailment capture.

The combination of arbitrage and curtailment capture under 2021-2022
market conditions results in a decreased optimal power rating of 274 MW,
corresponding to 37.6% of the installed capacity versus the 100% of arbitrage
alone, while maintaining the 2-hour duration. This reflects the overwhelm-
ingly more favourable market conditions for arbitrage since the combined
regime IRR decreases to 19.9% from 20.3%. Notwithstanding, the overall
payback period of under 6 years remains competitive, and the decrease in
power rating translates to a decreased equity CAPEX requirement of 61.1%,
which is a positive result considering the minimal loss in profitability.

When considering pre-pandemic market conditions, arbitrage loses most of
its financial appeal, with a 0.3% IRR and requiring the same 377.8 Million
Euro equity CAPEX investment. Its payback period increases to less than 20
years and its NPV is now multi-million-Euro negative. The technical results
are the same as for the 2021-2022 market conditions, reflecting once again
the balance between costs and revenues is somewhat independent from mar-
ket volatility.

Finally, the benefits of combining curtailment capture and arbitrage algo-
rithms is made evident once considering pre-pandemic market conditions.
With an IRR of 7.4%, it reflects the potential for synergistic operation be-
tween regimes, which individually would have generated 4.3% and 0.3% IRR.
The optimal power rating is now 64 MW or 8.8% of installed OWP capacity,
with a payback period of less than 12 years, and requiring a 42.8 Million Euro
investment. The optimal duration for this case is now 2.4 hours, and its EoL
capacity is 83%, requiring a 40.1% oversizing at BoL. Even considering the
highest oversizing requirement of the set of results, this investigation argues
that it is the most realistic of the scenarios, although the increasingly accel-
erated deployment and integration of renewable generation will possibly lead
to extended periods of market volatility and therefore, the ideal sizing under
these considerations would lie between the optimal sizes of both combined
algorithms. This means between 64 and 274 MW or between 8.8% and 37.6%
of installed capacity, and between 2 and 2.4 hours.
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Table 11. Aggregated technical and economic results from IRR optimization
following a manual NPV sub-optimization, with 2030 cost projections.

Optimal Curtailment Arb.21-  Curt. + Arb. Arb.19-  Curb. + Arb.
Results 22 21-22 20 19-20
MW 47 (+4) 728 254 (-20) 728 61 (-3)
Hours 2.9 (+0.1) 2.0 2.3 (+0.3) 2.0 2.6 (+0.2)
EolL % 0 " 0 "
(20years) 91.7 % 83.3 % 83.3 % 83.3 % 83.0 %
Oversizing 26.8 % 39.7 % 39.6 % 39.7 % 40.0 %
IRR 7.2 % 26.6 % 26.1 % 28% 10.8 %
NPV
(MEur) 3.8 752.2 292.2 -65.7 17.0
PBT (<) 12 5 5 16 9
Equity
CAPEX 249 280.0 1121 280.0 31.7
(MEur)
kEur/Cycle 20.6 196.6 77.2 374 8.8

When comparing the results obtained with the 2030 cost projections, it is
evident that all the financial results improve significantly. Therefore, the
more interesting aspect is to compare how the technical results change, if
they change at all given the similarities in the cost curve functions as de-
picted in figures 20 to 24.

The curtailment capture regime sees an increase in both optimal power and
duration ratings, with a 9.3% increase in optimal power, and a 3.6% in-
crease in optimal duration. The EoL capacity and corresponding BoL over-
sizing remains the same.

Both instances of pure energy arbitrage see no difference in their technical
results, while there is a difference observed for both combined regimes. Un-
der 2021-2022 market conditions, the combined regime sees a 7.3% de-
crease in optimal power rating and a 15% increase in rated duration, with
virtually identical EoL capacity and BoL oversizing. Under pre-pandemic
market conditions, the combined regime sees a 4.7% decrease in optimal
power rating, and a 8.3% increase in rated duration, again with virtually
identical EoL capacity and BoL oversizing.
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5 Conclusions

This investigation explored the business potential for BESS for GCM and
OWPs through a hypothesis-driven journey, diving into the current and fu-
ture OWP generation in the Baltic Coast of Finland and Germany, carrying
out statistical analyses of the energy market in Germany, and exploring the
different mechanisms that lead to redispatch and OWP curtailment. It iden-
tified potential candidate locations for a BESS. It investigated the state-of-
the-art literature regarding degradation of electrochemical batteries in NMC
811 and LFP chemistries, to favour one over the other for a potential grid-
scale installation, and proposed a set of design constraints for which the pro-
posed BESS would operate ideally at, in coherence with recent advances in
degradation mechanism identification. Finally, it created simple charge and
discharge algorithms for curtailment capture and energy arbitrage, identified
appropriate cost functions for BESS based on recent publications, and built
a FCF model to tie together cost and revenue functions together with a novel
iterative sizing methodology, to later be optimized for maximizing IRR over
a 20-year project for 5 operating regimes and 2 cost projections.

This investigation set out to answer the following research questions, which
are correspondingly answered at this culmination:

What is the current VRE landscape, and what are the projections for OWP

expansion in the Baltic Sea region pertaining to Finland and Germany

until 2030?

e While Finland has plans for significantly expanding OWP generation by
2030, the projects in the German Baltic Sea region are more defined both
in technical and economic scope, in more advanced stages overall.

What are the current transmission system operating conditions and

GCM measures in the Baltic Sea region pertaining to Finland and Germany?

e There are currently no GCM measures being used in the Finnish power
system that directly lead to renewable and specifically OWP generation
curtailment, while in Germany it is already happening on average 1 in
every 4 days.

Which OWP locations are most favourable for the integration of a poten-

tial BESS?

e The most straightforward and favourable location identified is in the Lub-
min + Grunzow substations, where OWP Arkona and Wikinger currently
inject, and where the rest of the planned OWPs will inject to the transmis-
sion system. Their combined output is 728 MW.
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How much value is being lost with GCM, and how much value could be

captured with EES?

e In the 241-day continuous sampling period considered, 12.1 Million EUR
were lost due to the curtailment of OWP Wikinger and Arkona.
Annualized, this would amount to 18.3 Million EUR.

What is the optimal sizing of a BESS for this application, considering the

use case duty cycle?

e An LFP-based BESS is proposed for this application, with multiple
optimal sizings depending on the desired use cases, them being
Curtailment Capture, Energy Arbitrage and their mutually exclusive
combination. When combining both use cases, a 274 MW / 2-hour system
is optimal under more volatile market conditions, while a 64 MW / 2.4-
hour system is optimal for less volatile market conditions. Projected cost
declines untiil 2030 lead to a 5-7% decrease in optimal power output and
a 8-15% increase in optimal duration.

What is the optimal IRR and NPV of this BESS, for a 20-year project
horizon?
e For the combined use case proposed:
o 19.9%, 250.3 Million EUR for a 274 MW / 2-hour system under
more volatile market conditions (37.6% OWP power)
o 7.4%, 7.2 Million EUR for a 64 MW / 2.4-hour system under less
volatile market conditions (8.8% OWP power)

How can additional services be stacked to make a more effective use
of this asset, and how does this affect the optimal sizing of the system and
its IRR and NPV values?

e Additional service stacking should be approached in the same general
techno-economic procedure, outlining the average cost and revenue per
EFC associated to each, and optimizing based on predicted degradation
over its lifetime.

In summation, this investigation aimed to better understand how a BESS can
be used effectively to generate a positive and profitable business case,
exploring the developing field of offshore wind generation and foreseeing the
increased potential for grid congestion and therefore grid congestion
management that such a system may provide to benefit both the power
system and the operators of OWPs. For future investigations, a strong focus
on frequency services modelling should be placed, as new market rules will
need restructuring to enable the full transition to a sustainably powered
economy. Certain steps are being taken in that direction, but it is an ever-
evolving landscape that requires steadfast dedication and development.
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