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Optimal PV and Battery Investment of
Market-Participating Industry Facilities
N. Čović, F. Braeuer, R. McKenna and H. Pandžić, Senior Member, IEEE

Abstract—Introducing flexible consumers to electricity markets
is beneficial to the power system and offers them potential
economic savings. Industrial consumers are pioneer candidates
due to their high energy demand and interest in reducing energy
costs. This paper addresses the battery storage and photovoltaics
investment problem, which includes five revenue streams for
industrial consumers, such as participation in the day-ahead
and intraday energy markets as well as the primary control
reserve market peak shaving and optimized self-consumption.
The uncertainty is considered using correlated scenarios of the
local load, primary reserve market and day-ahead market prices,
as well as generation from photovoltaics. The uncertainty of the
pay-as-bid intraday market with continuous trading is modeled
using robust optimization. Credibility and applicability of the
model is achieved by using market settings and prices from
three European countries (Germany, Denmark and Croatia)
and comparing their suitability for encompassing the end-user
flexibility. Results shed light on national energy-political and
climatic differences, highlighting opportunities for active market
participation through individual or aggregated industrial plants.
Index Terms—optimal investment, battery storage, photovoltaics, robust optimization, stochastic optimization, clustering,
industrial facilities

N OMENCLATURE
A. Sets and Indices
ΩH
ΩJ
ΩM
ΩS
ΩQ
ΩW

Set of hours in a week, running from 1 to 168
Set of breakpoints in linearized BSS charging curve,
running from 1 to N j
Set of months in a year, running from 1 to 12
Set of scenarios, running from 1 to N s
Set of quarter-hour periods, running from 1 to 4
Set of representative weeks, running from 1 to N w

B. Parameters
C fees
C peak
Dq,h,w,s
Fj

Fees and taxes for supplying electricity (e/kWh)
Peak power charges to end consumers (e/kW)
Local electricity demand (kW)
Maximum amount of energy that can be charged
at specific battery state of energy breakpoint Rj
as a portion of installed BSS capacity
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V oLL
Γ
ϑ
λPCR
w,s
λDA
h,w,s
λID
q,h,w,s
∆λID
q,h,w,s
πw,s
ρw

Discount rate (%)
PV installation cost per kW (e/kW)
BSS installation cost per kWh (e/kWh)
BSS installation cost per kW (e/kW)
Full load hours of PV plants (kWh/kW)
Percentage of energy capacity for providing PCR
lost due to battery cycling inefficiency (%)
Big number
Battery energy-to-power ratio in PCR market
Capacity of each state of energy battery segment
j as a portion of the installed battery capacity
Number of BSS and PV annuities
Price for demand reduction (e/kW)
Uncertainty budget
Number of days
PCR price (e/kW)
Day-ahead market price (e/kWh)
Average intraday market price (e/kWh)
Difference between minimum/maximum and average price in the intraday market (e/kWh)
Probability of each scenario s in week w
Number of weeks that week w represents per year

C. Variables
Positive continuous variables
bq,h,w,s
Share of maximum price deviation for every time
period in each week and scenario
cBSS
Annual cost of BSS installation (e)
cel
Cost of purchased electricity (e)
h,w
cpeak
Cost for peak power (e)
cPV
Annual cost of PV installation (e)
dq,h,w,s
Served demand (kW)
eDA
Electricity purchased in the day-ahead market
h,w
(kWh)
ePCR
Electricity required to cover for battery cycling
q,h,w,s
inefficiency when providing PCR (kWh)
pBSS
Installed BSS power (kW)
pPCR
Power provided for PCR per week (kW)
w
Annual peak power (kW)
ppeak
pch
BSS charging power (kW)
q,h,w,s
pdis
BSS discharging power (kW)
q,h,w,s
ppv
Utilized PV generation (kW)
h,w,s
ppv,cap
Installed capacity of PV generation (kW)
PCR
rw
Weekly revenue from PCR (e)
soePCR
Capacity of BSS reserved for PCR auction (kWh)
w
soemax
Installed BSS capacity (kWh)
soeq,h,w,s BSS state of energy (kWh)
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soeq,h,w,s,j State of energy of battery segment j (kWh)
uq,h,w,s
Unserved demand (kW)
zw,s , ωq,h,w,s Dual variables associated with the constraints
of the robust subproblem
Binary variables
xq,h,w,s
1 if BSS is charging and 0 otherwise
I. I NTRODUCTION
In many countries, the transition process of the traditional towards highly-renewable energy systems results in an
increasing volatility of energy supply. To account for this
volatility, a more flexible demand side is needed. Due to high
electricity needs and costs, industrial electricity consumers
might play an important role in providing this flexibility.
One way to increase flexibility of an industrial consumer
is the installation of a battery storage system (BSS) [1],
which provides multiple streams of revenue or savings, finally
resulting in lower electricity costs [2]. Despite multiple BSS
revenue streams, the initial investment is high, so accurate and
robust investment models are required for favorable return on
investment. To define the optimal BSS investment decision
for an industrial plant (IP), one needs to carefully consider
the country’s specific market conditions. Furthermore, it is
important to include the uncertainties of future cash flows
that amortize the investment. These uncertainties cover energy
market prices, volatility in the plant’s operation as well as
uncertainties affecting the generation from renewable energy
sources (RES). In this paper, we consider photovoltaics (PV)
as a potential local generation investment alongside BSS. The
benefits of combining PV and BSS have been proven in the
literature, e.g. [3].
A. Literature Review
The majority of scientific literature on BSS and PV focuses
on operation problems, while investment studies are more
scarce. In the field of BSS investment in an industrial context, paper [4] proposes a two-stage optimization problem to
identify the optimal size of a BSS in an industrial microgrid
in Australia. The first stage describes the BSS investment
decision and the second stage optimizes the BSS operation.
The paper is focused on energy arbitrage and optimized selfconsumption considering charging-power dependent efficiencies of the BSS. With more detail on the production process,
[5] optimizes the size of a PV–BSS system incorporated
into a semi-autogenous grinding mill plant. Their two-stage
stochastic optimization model considers the uncertainty of the
grindability of the rock and thus the energy demand of the
plant as well as the uncertain RES production. While the first
stage optimizes the investment along with the annual energy
contracts, the second stage optimizes the operating cost that
includes maintenance, replacement and the penalty paid for not
matching the contracted energy supply. Paper [6] investigates
the optimal BSS investment for an IP to lower its electricity
costs. Decision theory is applied to identify optimal battery
capacity from a predetermined set and schedule optimal dispatch for a variety of future scenarios. Finally, [7] includes an
optimized production process of an industrial complex in the
design of an industrial micro-grid. While uncertainty is not

directly part of the optimization model, the results are tested
for a variety of uncertain weather and production conditions.
Another interesting field of application is the residential
and commercial sector. Here, [8] analyses the effects of
uncertainty in electricity demand and prices for a commercial
hotel building in Croatia. The study provides a comparison
of the stochastic and robust optimization approaches to a
deterministic optimization model. In contrast, [9] proposes a
multi-stage stochastic optimization model to define the optimal
size of a residential microgrid. The model formulates daily
microgrid operation iteratively to determine the optimal size
of the micro-grid. For a similar use case in a Dutch residential
context, [10] analyzes revenue streams for a PV–BSS system.
The system generates revenue in the day-ahead market, the imbalance market and through self-consumption. The proposed
two-stage stochastic approach includes uncertainty on market
prices, irradiation and demand profiles. Finally, [11] applies a
(robust) data-driven dynamic programming approach to homes
in Austin, Texas. They report that their approach outperforms
the existing methods and significantly raises the break-even
cost that incentivizes homeowners to invest in BSS.
Nonetheless, in an industrial context no study considers
multiple revenue streams for a BSS–PV investment problem
under uncertainty. Furthermore, no study compares market
conditions in different countries.
B. Research Questions and Contribution
In this paper, we study the BSS–PV investment decision
in an IP under uncertainty. To find the optimal investment
capacities, we formulate a two-stage stochastic optimization
problem implemented as a mixed integer linear program
(MILP). The BSS–PV system can be used to minimize the
electricity costs by altering the net load curve as seen from
the grid side as well as by lowering the fees and peak power
charges. In case an IP invests in a BSS, it can be used to
provide primary control reserve (PCR)1 .
The considered uncertainties in the model are the load,
PV production as well as market prices in the day-ahead,
intraday and PCR markets. To represent the pay-as-bid nature
of the continuous intraday market, the intraday trading is
modeled using robust optimization. This is a suitable tool
for considering the skillfulness (and luck) of the bidder.
While robust optimization has been used for bidding in dayahead markets, e.g. [13] and [14], its application to pay-asbid continuous markets remains unexplored. Pay-as-bid means
there is no single market clearing price, but multiple prices
depending on the selling and purchasing bids. Furthermore, the
term continuous means there is no gate closure time, instead
the trading is performed continuously until the cut-off time,
usually 15 or 30 minutes before the full hour. Therefore, it is
not possible to derive any specific hour-by-hour scenario as
there is no correlation between the prices in the consecutive
hours (except for the highest and the lowest one). Robust
formulation is a tool that enables us to model uncertain process
(such as the one related to the success in trading in the
1 This setting is in line with Clean Energy for All Europeans Package
[12], which supports activation of end consumers and instructs opening of
the energy and reserve markets to flexible end consumers.

0885-8950 (c) 2020 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

Authorized licensed use limited to: University of Zagreb: Faculty of Electrical Engineering and Computing. Downloaded on December 28,2020 at 14:57:18 UTC from IEEE Xplore. Restrictions apply.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TPWRS.2020.3047260, IEEE
Transactions on Power Systems
3

intraday market) without knowing or assuming the distribution
of uncertainty and only knowing the upper and lower bounds.
The model is applied to 20 IPs and a time horizon of one
year is portrayed through representative weeks, each having its
frequency of appearing in a year. We evaluate the profitability
of a BSS–PV investment for each IP individually and together
as one group and compare the results. Finally, an important
value of this paper is its applicability as we compare the
investment decisions under three diverse European market
conditions in Germany, Denmark and Croatia, respectively.
The following points summarize the contribution of the paper:
1) Formulation of the stochastic two-stage IP investment
problem in a BSS and PV considering active participation
in day-ahead, intraday and PCR markets.
2) Introduction of robust optimization to pay-as-bid intraday market allowing to control the expected success in
bidding in such market.
3) A comprehensive comparison of optimal investments
in different European countries, i.e. Germany, Denmark
and Croatia, allowing us to assess the attractiveness of
different market designs.
The rest of the paper is organized as follows. Section II.
formulates the proposed mathematical model and provides its
extensions for different market types. Section III. presents case
studies for Germany, Denmark and Croatia and discusses the
results. Verification of the results obtained in the case studies
is demonstrated in Section IV. Finally, the relevant conclusions
are provided in Section V.

II. M ATHEMATICAL MODEL
A. Description
The operational model is a two-stage model, as shown in
Figure 1. In the first stage, two decisions are made (blue circle
in Figure 1): i) the battery power and capacity reserved for
providing PCR, and ii) the quantities purchased in the dayahead market for each day of the week. The uncertainties
of the PCR prices, along with the day-ahead prices, are thus
modelled as expected values. The stochastic model in this case
degrades to a deterministic one with expected values of prices
as input parameters, but differs from the deterministic problem
posed for any particular scenario.
After these here-and-now decisions are made, the stochastic
processes are realised depending on the scenario s. The dayahead and PCR prices become known, along with the values
of the load and the PV production (yellow “rectangles” in
Fig. 1). Since the scenario generation process was performed
considering the correlation of the above mentioned parameters,
scenarios of the day-ahead and PCR prices match the scenarios
of the load and PV output. Given these, we move to the second
stage, which is closer to the realization of uncertainty.
The volume purchased in the intraday market is the decision made in the second stage (green circles in Figure 1).
Uncertainty of the intraday prices is not treated as a stochastic
process, but using the robust framework with the associated
price interval for each scenario.

B. Assumptions
The described mathematical model is relevant for markets
with the following rules:
• IPs with their assets (PV and BSS) can take part in
the day-ahead and intraday energy markets. The dayahead market is an hourly market with a uniform market
clearing price, while the intraday market is pay-as-bid
with 15-minute resolution.
• When consuming electricity, the IPs need to pay a fee,
C fees , for using the network, supporting renewables, and
other levies.
• IPs can only purchase but not sell energy in the day-ahead
and intraday markets. The first reason for disallowing
energy selling is that any facility that injects energy into
the grid (even very sporadically) needs to register as
a power producer, thus incurring additional costs that
depend on the prequalification procedure that includes
an analysis of the surrounding network to determine if
any upgrades are needed. The second reason is purely
economical. Since the network fees constitute a huge
portion of the consumers’ energy cost, it is not viable
to sell energy and increase the overall amount of energy
later extracted from the grid, as that energy comes at high
collateral cost in the form of grid fees and renewable
support fees. The final reason is related to the modelling
issues. Allowing eDA and eID to become negative would
enable arbitrage between the day-ahead and intraday
markets without any actual energy flow. The result would
be an indefinitely large BSS allowing the IP to obtain
indefinite profit.
• Beside energy markets, IPs can take part in the PCR
market with weekly resolution. Taking part in this market
reserves a portion of the BSS power and energy capacity.
• Peak power charges of an IP are based on maximum 15minute-average load throughout the year.
• Due to their relatively low capacity, IPs are price takers
in all markets.
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Fig. 1. In the first stage, the battery capacity and power for providing PCR
are reserved and quantities in the day-ahead market for each day of the week
are purchased. In the second stage, the intraday market volume is purchased
for each scenario with knowledge of the day-ahead and PCR prices, along
with the load and PV production.
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•

Sources of uncertainty in the model are day-ahead market
prices, PCR prices, PV output, IP load and intraday
prices. The first four are defined by ΩS scenarios per
representative week at an appropriate resolution. Uncertainty of intraday prices is modeled using upper and
lower price bounds, without considering the distribution
of uncertainty.

C. Base Formulation
1) Objective function:
168
X
X
PCR
min
ρw ·(
cel
)+cpeak +cBSS +cPV+
h,w −rw
Ψ

w∈ΩW

h=1
168 X
4
X

X

πw,s ·uq,h,w,s ·V oLL+

h=1 q=1 s∈ΩS

max

bq,h,w,s

X

ρw ·(

168 X
4 X
X

ID
πw,s·∆λID
q,h,w,s ··eq,h,w,s ·bq,h,w,s )

h=1q=1s∈ΩS

w∈ΩW

(1)
DA
fees
cel
+
h,w = eh,w ·(C

X

πw,s ·λDA
h,w,s )+

s∈ΩS
4
X

X

ID
fees
πw,s ·eID
), ∀h, w
q,h,w,s ·(λq,h,w,s +C

(2)

q=1s∈ΩS
4
168 X
X

bq,h,w,s ≤ Γ,

∀w, s

(3)

h=1q=1

0 ≤ bq,h,w,s ≤ 1, ∀q, h, w, s
X
PCR
rw
= pPCR
·
πw,s · λPCR
∀w
w
w,s ,

(4)
(5)

s∈ΩS

cpeak = ppeak · C peak
ID
ppeak ≥ eDA
h,w + eq,h,w,s · 4,

(6)

∀q, h, w, s

(7)
BSS

cBSS = (soemax · I BSSe + pBSS · I BSSp ) ·

i · (i + 1)T
(8)
(1 + i)T BSS − 1

each expanding to a specific range of intraday prices whose
uncertainty is modeled using robust optimization. Since the
intraday market does not have a unique price for each time
period, there is an uncertain range limited by the minimum and
ID
ID
ID
maximum price, [λID
q,h,w,s − ∆λq,h,w,s , λq,h,w,s + ∆λq,h,w,s ].
As a result, the third part of objective function (1) maximizes
the damage suffered when purchasing energy in the intraday
market. The damage is inflicted by reaching the maximum
price in a specific time period, which is achieved by adding
ID
∆λID
q,h,w,s to the average intraday price, λq,h,w,s . Relaxed
binary variable bq,h,w,s defines in which time periods the
prices take their maximum values. Constraints (3) and (4)
define the behaviour of bq,h,w,s . The number of periods in
which the price can be altered to inflict the most damage to
the objective function is controlled with parameter Γ. It can
take values from the interval [0, ΩQ · ΩH ] and presents the
budget of uncertainty. For Γ = 0, the average prices in intraday
market, λID
q,h,w,s , are considered. As Γ increases, the number
of time periods affected by the price alteration increases as
well and the model is protecting against those deviations.
Consequently, when Γ is maximum, i.e. equal to ΩQ · ΩH ,
the maximum prices are considered as they cause the most
damage to the objective function when the IP is purchasing
energy. Since the objective function consists of two parts that
need to be optimized in different directions (minimizing vs.
maximizing), the robust subproblem is modeled in its dual
form, whose formulation and transformation are provided in
Appendix A.
Eq. (5) defines weekly PCR revenue based on the weekly
BSS power capacity reserved for PCR and scenario-based PCR
· λPCR
price, pPCR
w,s . Eq. (6) calculates the annual peak power
w
peak
payments, p
· C peak . Constraint (7) defines annual peak
power as the maximum power purchased from the markets.
Intraday energy is multiplied by 4 because of its 15-minute
resolution. Finally, eqs. (8) and (9) define the annual cost of
BSS and PV installations taking into account the value of
money in the future and lifetime of the assets.
2) Constraints:
soePCR
= n · pPCR
,
w
w
soePCR
≤ soemax ,
w

pv

cPV = ppv,cap · I pv ·

i · (i + 1)T
(1 + i)T pv − 1

(9)
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operating cost over the set of variables Ψ
=
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{eDA
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h,w , eq,h,w,s , pw
consisting of the cost of purchased energy, cel
h,w , weekly
PCR
revenue from providing PCR, rw
, annual peak power
payment, cpeak , and annuity payment for BSS and PV
installations, cBSS and cPV . Since we observe the IP’s annual
operating costs, parameter ρw is introduced to represent the
”weight” of each representative week, which is explained
in more detail in Section III-B. Eq. (2) breaks down the
energy costs into electricity trading in the day-ahead market,
DA
ID
ID
eDA
h,w · λh,w,s , and the intraday market, eq,h,w,s · λq,h,w,s . An
fees
additional fee, C , is imposed to aggregate the fees and
taxes to be payed by any end consumer. Price uncertainty in
the day-ahead market is considered using price scenarios s,

∀w
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q,h,w,s ≥ kϑ ·soew , ∀w, s, ϑ ∈ [1, 7] (16)
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∆soeq,h,w,s = F1 · soemax +
+
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soeq4 ,h168 ,w,s · πw,s ≥
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soe0 ,
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q,h,w,s ≤ (1 − xq,h,w,s ) · M ,

∀q, h, w, s

(24)
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pv
ID
ch
dis
PCR
eDA
h,w·1+eq,h,w,s·4 = pq,h,w,s+dq,h,w,s−pq,h,w,s−ph,w,s−eq,h,w,s ·4,

∀q, h, w, s (27)
dq,h,w,s + uq,h,w,s = Dq,h,w,s , ∀q, h, w, s
ppv
h,w,s

≤

s
kh,w,s

pv,cap

·p

∀h, w, s

(28)
(29)

Eq. (10) relates battery energy capacity reserved for providing PCR and weekly amounts of PCR provided to the system
operator using factor n. Constraints (11) and (12) restrict
the battery energy and power capacity occupied for PCR,
while (13)–(15) define the remaining BSS energy, charging
and discharging capacities for other purposes.
When performing PCR, the BSS performs shallow charging/discharging cycles. Due to inefficiencies, it needs to be
charged to sustain such operation and does not slowly deplete
the accumulated energy (symmetrical provision is assumed).
Therefore, a portion of the state of energy devoted to PCR,
kϑ , needs to be charged on a daily basis, as defined in eq.
(16).
Constraints (17)–(21) describe the accurate battery charging
model where the battery charging power reduces with its state
of energy. Eq. (17) divides the used state of energy range at
all time periods into N j − 1 segments. Each segment’s energy
capacity is determined in (18), which is used in (19) and (20)
to derive the maximum energy charging ability of the battery
at each time period. The maximum energy charging ability
is translated into the power charging limit in constraint (21).
A more detailed explanation of this accurate battery charging
model can be found in [15].
Eq. (22) calculates the battery state of energy in 15minute intervals, considering the charging and discharging
efficiencies, while eq. (23) calculates the state of energy on

the transition between the hours considering the last 15-minute
period of the previous hour. Constraint (24) is the state of
energy level preservation constraint, while constraints (25)
and (26) disable simultaneous charging and discharging of the
battery that would otherwise occur at negative market prices.
Eq. (27) is a power balance constraint on a 15-minute basis,
where the local demand, battery charging and discharging
power, power purchased to support the PCR provision, and
PV output power are balanced with the power purchased in the
ID
day-ahead and intraday markets. Variables eDA
h,w and eq,h,w,s
represent energy, not power, so they are multiplied with a
corresponding time constant, i.e. variable eDA
h,w is multiplied by
1 and variable eID
q,h,w,s is multiplied by 4. To enable demand
flexibility, not all demand needs to be satisfied at all time
periods. The unserved demand uq,h,w,s is penalized at price
V oLL, which is added to the objective function. Constraint
(28) ensures that the sum of the served and unserved energy
is equal to the expected demand. Finally, constraint (29) limits
the PV generation to the available power.
D. Formulation Extensions for Different Market Settings
Model (1)–(29) defined above is valid under the assumptions
from Section II.A. However, different countries may have
different market rules and resolution of services and products.
The required changes to formulation (1)–(29) in case of
different market rules are described below.
1) Peak Power Charges: Peak power charges are not necessarily on an annual basis. For example, in Croatia consumers
above 20 kW are charged peak power prices on a monthly
basis [16]. Since model (1)–(29) is based on representative
weeks, it is necessary to keep track of which representative
weeks constitute each month of the year. After that, the peak
power for each month is calculated as the highest power
over all representative weeks appearing in a specific month.
Constraint (7) is thus replaced by the following one:
ID
ppeak
≥ eDA
∀h, w, m; w ∈ m
(30)
m
h,w + eh,w,s ,
On the other hand, if there are no peak power charges,
constraints (6) and (7) and variable cpeak from (1) need to
be removed.
2) Intraday Market Resolution: In case of intraday market
operation on an hourly basis, eq. (27) is replaced by eq. (31),
while the summation of the intraday cost over all quarters in
eq. (2) is eliminated.
4
X
ID
dis
eDA
+
e
=
0.25
·
(pch
h,w
h,w,s
q,h,w,s + dq,h,w,s − pq,h,w,s )−
q=1
s
kh,w,s ·

−
ppv,cap − ePCR
∀h, w, s (31)
h,w,s ,
As opposed to eq. (27), which balances power on a 15minute resolution, eq. (31) balances power on a 1-hour resolution. For this reason, eID
h,w,s on the left-hand side is no longer
multiplied by 4 and the 15-minute power values on the rightdis
hand side, i.e. pch
q,h,w,s , dq,h,w,s and pq,h,w,s , are averaged over
one hour.
3) PCR Market Resolution: PCR capacity can be decided
on a higher resolution than a week. For example, if PCR bids
are at a 4-hour resolution, as in Denmark [17], the variables
in eq. (5) need to be expanded to hourly dimension and eqs.
(32), (33) and (34) need to be added to the model.
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PCR
soePCR
h,w = soeh+l,w , ∀h, w, l; if(h%4 = 1∧l ∈ {1, 2, 3}) (32)
PCR
pPCR
h,w = ph+l,w ,

SETTINGS AND CONSTRAINTS FOR THE THREE COUNTRIES

∀h, w, l; if (h%4 = 1∧l ∈ {1, 2, 3}) (33)

24+24·(ϑ−1)

X

ePCR
h,w,s ≥ kϑ ·

h=1+24·(ϑ−1)

168
X
h0 =1
0

CR
soeP
h0 ,w ,

(34)

∀w, s, ϑ ∈ [1, 7], if (h %4 = 1)
PCR
If no PCR market is available in a country, variables rw
,
PCR
PCR
pw
and soew
are eliminated from the objective function
(1) and constraints (14), (15) and (17), and constraints (10)–
(12) are completely eliminated.

A. Description

TABLE I
K EY

III. C ASE S TUDY

The case study is performed for three European countries,
Germany, Denmark and Croatia. These countries differ in the
organization of the intraday market, PCR market, peak power
payments for the consumers, market prices, energy delivery
fees, as well as the number of annual full load hours (PV
production). An overview of specific rules and prices for each
country is presented in Table I. Germany generally has the
highest energy costs for end consumers, foremost due to high
energy delivery fees, 0.15 e/kWh [18], [19]. Annual peak
power price used in this paper is calculated as a mean price
of all German distribution grid operators. Energy delivery fees
for industrial consumers are much lower in Denmark [20] and
the lowest in Croatia [21]. Peak power prices are the highest
in Croatia, where they are paid on a monthly basis, while
in Germany the peak power payments are annual. In both
countries they are based on the highest average consumed
power over all 15-minute periods. On the other hand, in
Denmark there are no peak power charges.
Energy market prices are taken from the local wholesale
markets. Day-ahead markets operate in the same way in all
three countries. However, the intraday market in Germany
is on a 15-minute basis (hence Γmax in Table I is 672),
while in Denmark and Croatia it is operated on an hourly
basis resulting in 168 bidding periods in a week. PCR market
rules for Germany are based on the German market rules
from [22]2 , which is based on weekly tenders [23]. On the
other hand, PCR market resolution in Denmark DK1 zone
is four hours [24], while in Croatia the PCR provision is
mandatory for hydro power plants with capacity over 10 MW
and thermal power plants with capacity over 30 MW without
remuneration [25]. The energy-to-power ratio for BSS when
providing PCR is n = 2, which should allow the BSS to
enter the PCR provision service with SOE in between the 25%
and 75% [26] and preserve the low battery cycling rate [27].
Due to their specifics, Table I contains a list of constraints
used in the problem formulation for all three countries. It also
shows the amount of PV generation in each country based on
data obtained from [28]. Croatia, as the south-most country,
provides the most full load hours, while Denmark is the least
generous in PV production.
2 Since July 2019, the German PCR market moved from weekly to daily
resolution [23]. However, due to insufficient historical data, our model is based
on the weekly tendering.

ID market
PCR market
Peak power
C peak , e/kW
C fees , e/kWh
Γmax
PV full load
hours, [kWh/kW]
Constraints

Germany
quarterly
weekly
yearly
44.5
0.15
672
1092

(1)–(29)

Denmark
hourly
4 hour blocks
–
–
0.08
168

Croatia
hourly
–
monthly
5.07
0.06
168

1079

1293

(1)–(5), (8)–(15),
(17)–(26), (28)–(29),
(31)–(34)

(1)–(4), (6), (8),
(9), (13)–(15),
(17)–(26),
(29)–(31)

Battery and PV prices are the same for all three countries.
The lifetime of the batteries and the PV panels is estimated
at 15 and 20 years, respectively. Battery investment is I BSSp
= 400 e/kW and I BSSe = 400 e/kWh [29]. Both charging and
discharging efficiencies are set to 93%. The battery starts each
week at 50% of its energy capacity, which needs to be fulfilled
at the end of the week. This choice is primarily related to the
PCR requirements. As indicated in [26], the centerfold value of
state of energy maximizes the PCR provision. Since the model
assumes high energy-to-power ratio of 2, and considering the
current European regulation that dictates full PCR activation
only after the frequency deviation has reached 200 mHz [30],
the expected degradation due to cycling when providing PCR
should be quite low [27]. Thus, no additional BSS degradation penalty is assigned to PCR provision. However, we
acknowledge that the battery cycling occurs when providing
PCR and assign PCR energy losses to k = 10.32% based on
frequency deviation data analysis obtained from the Croatian
Transmission System Operator and rules on PCR activation
in Europe [30]. The PV investment is 1750 e/kW [31] and
interest rate is set to 3%.
The case study considers IPs [32] looking to invest in PV
and BSS to reduce their operating costs. One of the goals of
the study is to compare the benefits of aggregating the IPs,
which is performed by running the optimization model for
each of the 20 IPs individually and comparing their summed
investments and overall operating costs to a setting where
all IPs act as a single entity, both as investors and market
participants, virtually forming a balancing group of their own.
Using robust optimization to model the intraday market
prices enables us to observe how the factor Γ impacts the
overall expected cost, as well as the amount of energy purchased in the intraday versus the day-ahead market.
B. Input Data Preparation
The presented planning model is subject to uncertainty
of input parameters, which include load, day-ahead prices,
intraday prices, PCR prices and PV generation. The available
data for 52 weeks during year 2016 were clustered into five
representative ones to reduce the complexity of the model as
shown in Fig. 2. Each week has its corresponding weight that
denotes how many times it appears in a year. This technique
is commonly used in investment studies, e.g. [33], however,
instead of using a well-adopted time span of characteristic
days, we expand it to a week for two reasons. First, the
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TABLE II
A NNUAL COST PER OBJECTIVE FUNCTION SEGMENT FOR ALL THREE COUNTRIES FOR B USINESS - AS -U SUAL (BAU)
(F LEX I) CASES (I: I NDIVIDUAL IP S , A: AGGREGATED IP S )
Business-as-Usual (in 1000 e)
Energy ID
Fees
Peak power

GERMANY

Energy DA

Γ = 0 (I)

1,347

2,416

13,592

1,004

18,361

Γ = 0 (A)

1,541

2,187

13,592

836

18,158

Overall cost

Γ = 10 (I)

1,467

2,468

13,592

1,004

18,531

Γ = 10 (A)

1,667

2,202

13,592

836

18,299

Γ = 100 (I)

2,476

1,877

13,592

1,004

18,950

Γ = 100 (A)

2,805

1,402

13,592

836

18,638

Γ = 672 (I)

2,877

1,783

13,592

1,004

19,257

Γ = 672 (A)

3,301

1,135

13,592

836

18,866

Γ = 0 (I)

694

2,870

7,249

-

10,814

Γ = 0 (A)

777

2,782

7,249

-

10,809

Γ = 10 (I)

807

2,831

7,249

-

10,888

AND

F LEXIBLE I NVESTMENT

Flexible Investment (in 1000 e)
Fees
Peak power BSS cost PCR revenue
12,570
946
199
89
(-7.5%)
(-5.8%)
12,158
720
620
348
(-10.6%)
(-13.9%)
12,557
943
212
93
(-7.6%)
(-6.1%)

Energy DA
1,199
(-11.0%)
1,315
(-14.7%)
1,314
(-10.4%)
1,438
(-13.7%)
2,215
(-10.5%)
2,431
(-13.3%)
2,695
(-6.3%)
2,992
(-9.4%)

Energy ID
2,198
(-9.0%)
1,890
(-13.6%)
2,263
(-8.3%)
1,938
(-12.0%)
1,741
(-7.2%)
1,233
(-12.1%)
1,474
(-17.3%)
847
(-25.4%)

12,192
(-10.3%)
12,543
(-7.7%)
12,147
(-10.6%)
12,501
(-8.0%)
12,144
(-10.7%)

725
(-13.3%)
940
(-6.4%)
720
(-13.9%)
936
(-6.8%)
719
(-14.0%)

611
(-12.0%)
663
(-14.7%)
718
(-11.0%)
779
(-12.5%)
1,431
(-12.4%)
1,537
(-15.5%)
1,429
(-14.8%)
1,589
(-14.7%)

2,672
(-6.9%)
2,474
(-11.1%)
2,635
(-6.9%)
2,416
(-11.7%)
2,035
(-4.2%)
1,768
(-8.1%)
1,967
(-5.5%)
1,719
(-8.7%)

6,752
(-6.9%)
6,534
(-9.9%)
6,751
(-6.9%)
6,530
(-9.9%)
6,750
(-6.9%)
6,530
(-9.9%)
6,706
(-7.5%)
6,530
(-9.9%)

-

1,149
(-11.3%)
1,282
(-10.2%)
1,161
(-11.4%)
1,296
(-10.2%)

2,975
(-6.5%)
2,800
(-7.9%)
2,975
(-6.2%)
2,789
(-7.9%)

5,036
(-7.4%)
4,987
(-8.3%)
5,036
(-7.4%)
4,987
(-8.3%)

PV cost
756
1,074
762

549

309

1,042

245

108

775

630

357

1,077

346

154

813

640

360

1,082

197

250

747

434

551

1,130

196

248

748

420

533

1,130

199

252

750

420

532

1,130

614

776

960

420

532

1,130

-

-

607

-

-

680

-

-

607

-

-

680

Overall cost
17,781
(-3.2%)
17,433
(-4.0%)
17,960
(-3.1%)
17,576
(-4.0%)
18,353
(-3.2%)
17,883
(-4.1%)
18,613
(-3.3%)
18,066
(-4.2%)

DENMARK

Γ = 10 (A)

890

2,735

7,249

-

10,874

Γ = 100 (I)

1,634

2,124

7,249

-

11,008

Γ = 100 (A)

1,820

1,924

7,249

-

10,993

Γ = 168 (I)

1,678

2,081

7,249

-

11,009

Γ = 168 (A)

1,862

1,883

7,249

-

10,995

Γ = 0 (I)

1,295

3,182

5,437

1,301

11,216

Γ = 0 (A)

1,427

3,041

5,437

1,106

11,013

Γ ≥ 10 (I)

1,310

3,170

5,437

1,301

11,219

Γ ≥ 10 (A)

1,444

3,027

5,437

1,106

11,015

-

10,731
(-0.8%)
10,685
(-1.1%)
10,802
(-0.8%)
10,745
(-1.2%)
10,916
(-0.8%)
10,854
(-1.3%)
10,901
(-1.0%)
10,857
(-1.3%)

CROATIA

PCR market in Germany is organized on a weekly basis
and, furthermore, peak power payments in Croatia are on a
monthly basis. Therefore, representative weeks can be considered as a golden middle between the day-ahead market, weekly
PCR market and monthly peak power payments. Second, the
purpose of this setting is to assess the market interaction
throughout each representative week, considering the related

52 weeks

Clustering 52 weeks using k-means into
5 clusters with different number of
weeks (scenarios)

9
weeks

19
weeks

11
weeks

9
weeks

4
weeks

Clustering of scenarios within representative weeks into 4 clusters
5

1

1

2

1

7

4

7

8

1

1

1

3

2

2

2

1

1

1

1

Reducing the number of scenarios within each cluster of each represetative week to 1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

Fig. 2. Preparation of input data using k-means clustering

1

1

1

1

1,275
(-2.0%)
1,025
(-7.3%)
1,275
(-2.0%)
1,025
(-7.3%)

11,054
(-1.4%)
10,777
(-2.1%)
11,057
(-1.4%)
10,779
(-2.1%)

uncertainties, in order to derive the optimal investment plan.
This setting is not applicable to the operation models, where
the day-ahead bidding is performed for each day individually,
considering the historic data (including the previous day),
the most recent load forecast and the most recent PV output
forecast. However, we do not develop an operating model of
the industrial facilities, we merely replicate its operation in
order to derive the optimal investment in battery and PV. In
other words, the entire day-by-day bidding process is replaced
by a weekly scenario. The clusterization was conducted using
the k-means method that groups the most similar data from
a dataset [34]. It was performed measuring the similarities
in the load, the PV production, the day-ahead prices and
the PCR prices data between the weeks (listed data were
concatenated in order to obtain a single data series and to
consider correlation between them). After clustering the data
into five clusters (representative weeks), the clusters contained
a different number of members, as shown in Fig. 2 (green
circles). The cluster members represent scenarios in each
representative week and, in reality, those are the weeks of
the year that are the most similar in terms of the load, the PV
production, the day-ahead prices and the PCR prices. In order
to reduce the complexity of the model by reducing the number
of weeks (that represent scenarios), each representative week
was clustered once again using the k-means algorithm (second
step in Fig. 2, first row of yellow circles) into 4 clusters.
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That number was chosen as a minimum number of scenarios
over all representative weeks (green circles). To obtain only
one representative of the four clusters in each representative
week, the scenario with the lowest distance from the mean
of a specific cluster was chosen (or the mean in the case
of two scenarios), which is shown as the final step in Fig.
2. The procedure resulted in five representative weeks, each
containing four scenarios. A uniform distribution of weeks
is assumed to calculate probabilities of each representative
week and scenario. For example, in the second representative
week (representing 19 actual weeks): πw=2,s=1 = 1/19,
πw=2,s=2 = 7/19, πw=2,s=3 = 4/19, πw=2,s=4 = 7/19,
while this representative week occurs 19 times per year. For
the three analyzed countries, the calculation was performed
for each IP individually (I) and for all of them aggregated
and acting as a single subject (A). Furthermore, we compare
two cases: Business as Usual (BaU), where no investments are
made, and Flexible Investment (FlexI), where investments in
the flexible assets (PV and BSS) are available. The models are
run for various values of Γ to assess the effects of the intraday
trading uncertainty on the objective function.
C. Results
1) Germany: The first case study was run using the German
market rules. Table II shows the results. For Γ = 0 in the BaU
case, the sum of individual IPs’ electricity costs is e18,361,
which is 1.1% higher than e18,158 (the overall electricity
cost when the IPs act as a single entity). Over 70% of these
costs are various fees, while energy purchases and peak power
costs are much lower. In the FlexI case with individual IPs,
the traded quantities are significantly reduced, by 11.0% in
the day-ahead market and 9.0% in the intraday market for
Γ = 0, and fees and peak power costs are reduced by
7.5% and 5.8%, respectively. All the reductions are a direct
consequence of the BSS and PV investments, where the PV
investment directly reduces the purchased energy quantities
and, consequently, fees and peak power charges. The BSS, on
top of its role in peak shaving and energy purchases during
the high-price periods, accumulates revenue from the PCR
market. The PCR market revenue makes up for roughly half
of the BSS annual investment cost. As the intraday market
trading becomes less favorable for higher values of Γ, the
traded energy moves to the day-ahead market. In case of
individual investments (I), the BSS investments increase with
Γ to counteract the unfavorable intraday prices, while the PV
installations only slightly increase. On the other hand, when
acting as an aggregation (A), the BSS and PV investment costs
do not significantly change with Γ due to the possibility of
internal redispatch among the IPs. This means the aggregation
provides the IPs additional protection against uncertainty.
Another insight in the results is provided in Table III, which
shows the installed BSS and PV capacity as well as peak
power in the BaU and FlexI cases for Germany. The installed
BSS and PV capacities increase for higher values of Γ when
considering IPs as individual investors (I). The increasing selfconsumption is directly related to higher expected intraday
costs. On the other hand, when IPs act jointly (A), the installed
BSS and PV capacities are constant regardless of the Γ

Fig. 3. Expected load profile for representative weeks (upper graph) and
battery capacity reserved for arbitrage and peak shaving and PCR services in
Germany for Γ = 0 (lower graph) for the aggregated case

(however, a drop is observed for Γ = 10). This is because
the flexibility arises from the heterogeneous IP load curves,
which enable a steady self-consumption level. The drop in
installed capacities for Γ = 10 occurs because the model finds
it difficult to use BSS and PV to counteract such sporadic but
time-period-wise uncertain increase in intraday prices. Instead
of fighting uncertainty, it relies on reduced investment costs.
The reduction through peak shaving is much higher for the
aggregated IPs than individual ones. When acting as a group,
the IPs manage to reduce the peak power by over 13%, while
when acting individually this reduction is only 5.8–6.8%.
Figure 3 shows the BSS capacity used for PCR for aggregated IPs’ investments in all representative weeks for Γ = 0.
Weeks 1–4 are attractive to provide PCR service. The BSS
energy capacity devoted to PCR is at most 50% due to the
selected energy-to-power factor n = 2. However, week 5 has
higher expected PCR price than most of the weeks, but the
battery is used only for the optimized self-consumption. This
is because week 5 has the highest expected load (upper graph
in Figure 3) and BSS is thus used for peak shaving.
2) Denmark: Similar to Germany, in Denmark around 70%
of expenses are dedicated to fees (e7,249 in all BaU cases,
both (I) and (A)). The remaining costs are divided among the
day-ahead and intraday energy markets as there are no peakload payments. As Γ increases, again the energy purchases
move from the intraday to the day-ahead market. The FlexI
case results in the BSS and PV investments of the same
order of magnitude as in Germany. The BSS investment is
entirely retrieved in the PCR market (PCR revenue is higher
than the BSS cost), while the optimized self-consumption
merely brings an added value. This indicates that the PCR
prices in Denmark DK1 zone are highly favorable for the
TABLE III
BSS AND PV

INVESTMENTS AS WELL AS ANNUAL PEAK POWER BEFORE
AND AFTER THE INVESTMENTS FOR G ERMANY

soemax
[kWh]
Γ = 0 (I)
4,025
Γ = 0 (A)
13,555
Γ = 10 (I)
4,271
Γ = 10 (A)
12,039
Γ = 100 (I)
4,953
Γ = 100 (A) 13,908
Γ = 672 (I)
6,967
Γ = 672 (A) 14,024

pBSS
[kW]
1,918
4,965
2,081
4,348
2,382
4,916
3,371
5,083

ppv,cap
[kW]
6,433
9,136
6,483
8,864
6,593
9,164
6,919
9,207

ppeak , BaU
[kW]
22,562
18,806
22,562
18,806
22,562
18,806
22,562
18,806

ppeak , FlexI
[kW]
21,261
16,201
21,204
16,300
21,133
16,180
21,040
16,171

0885-8950 (c) 2020 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

Authorized licensed use limited to: University of Zagreb: Faculty of Electrical Engineering and Computing. Downloaded on December 28,2020 at 14:57:18 UTC from IEEE Xplore. Restrictions apply.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TPWRS.2020.3047260, IEEE
Transactions on Power Systems
9

1600

BSS cost

PV cost

DA

ID

Fee

Peak power

PCR

Cost and revenue (in 1000 )

1400
1200
1000
800
600
400
200
0
GER-cost GER-revenue
DK-cost
DK-revenue
CRO-cost CRO-revenue
Fig. 4. Comparison of investment and revenue for the three countries for Γ
= 0 (I)

assumed battery costs. However, the required level of PCR
in Denmark DK1 area in 2020 is only ±21 MW [35], thus
such overinvestment in BSS capacity would greatly reduce
the market prices rendering the investment infeasible. A much
deeper analysis is required to understand if such high prices
were a result of a large player exercising market power or
not. On the other hand, BSSs’ impact on the day-ahead and
intraday energy quantities and fees is negligible.
3) Croatia: Results of the Croatian case study are shown
in the last section of Table II. In the BaU case, all the fees
are e5,437, which is less than 50% of overall electricity cost.
The model does not invest in BSS as there is no PCR market
to spur the investment on top of optimized self-consumption
and peak shaving. On the other hand, favorable PV production
makes this investment attractive. Individual IPs invest in 5,161
kW of PV at e607 regardless of Γ, while the aggregated IPs
install even more PV, 5,787 kW at e680, also regardless of Γ.
The peak power cost is reduced by 2.0% for (I) and by 7.3%
for (A), regardless of Γ. The overall cost reduction is 1.4%
for the individual IPs and 2.1% for aggregated IPs.
D. Discussion
The results in all three countries show that, with the
employed assumptions, BSS, PV or a combination of both can
reduce overall electricity costs for IPs, see Figure 4. Generally,
the highest cost reductions are achieved for Germany, due to
high electricity fees for end consumers and an operational PCR
market. In Denmark in absence of peak power charges and
low solar production, BSSs are primarily installed to provide
PCR. In contrast, Croatia does not have a PCR market, so
BSS investments will probably not be profitable there until
the PCR market is introduced. Thus, the IPs only invest in PV
to profit from the high solar production. This indicates that
developed PCR markets make the BSS investment attractive.
Nonetheless, the PCR markets are quite small in terms of the
power quantities and overinvestment in PCR-providing assets
could drastically reduce the price, which is deemed to occur
in Denmark and Germany.
In general and as expected, the aggregation of industrial
loads leads to higher relative cost savings, due to a smoothing
of the profile and economies of scale.
In Germany and Denmark the bidding behavior in the
intraday market influences the investment decision. Higher
values for Γ lead to lower profits in the intraday market,
thus higher cost of recourse for the investment and initial
market decisions. The model answers the higher cost with an

increased BSS and PV investment. This results in a higher
self-consumption rate and, consequently, a higher security of
supply of fix-priced solar electricity.
Nonetheless, with this study we compare national energy
markets. To investigate the profitability of the proposed systems in more detail, one needs to take regional and even local
market conditions into account. For example in Germany, local
peak power charges vary from 17.22 e/kW [36] to 189.77
e/kW [37]. Additionally, PV output highly depends on the
local climate.
The overall situation is likely to change in the near future as
the cost of stationary BSS continues to decline. The regulatory
frameworks are also likely to change, as flexibility becomes
more incentivized for industrial consumers [12]. Finally, the
development of electricity prices, grid charges and fees play
an important role. Drivers exist in both directions; for example
in Germany the levies and fees for RES should reduce in the
coming years, but the carbon-related fees should increase. On a
European level, there should be increased harmonization and
integration of electricity markets, which will probably also
alleviate some of the differences in profitability between the
three settings analyzed here.
IV. S OLUTION V ERIFICATION
In this section we perform two studies to verify the quality
of the obtained solutions. The first one is a sensitivity analysis
on the number of representative days and scenarios used in the
case studies, while the second one is an out-of-sample analysis
of the obtained solutions. Both are conducted for the Germany
case study and the aggregated market participation of the IPs.

A. Sensitivity Analysis on the Number of Representative Days
and Scenarios
In order to analyze the sufficiency of the number of representative days and scenarios for each representative day, we
performed an appropriate sensitivity analysis on the overall
cost and computational time for the German case study, whose
results are available in Table IV. The aim of this analysis is
to assess if the number of representative days and scenarios is
sufficient to accurately capture the characteristics of the entire
year. The analysis is performed for four different values of
Γ, ranging from zero to 672. When only three representative
weeks are used, but still preserving four scenarios per week
(w3s4), the difference in the objective function value, i.e. the
overall annual cost, toward the w5s4 case used throughout
the study ranges from -2.86% for Γ = 0 to -0.69% for
Γ = 672, which is a significant difference. Increasing the
number of representative weeks to four shows much lower
oscillations toward the w4s4 case as the difference in objective
function values are at most 0.82% for Γ = 672. Thus the
objective function value saturates when moving from four to
five representative weeks (four scenarios in both cases).
Next we observe the objective function behavior for five
representative weeks and variable number of scenarios. When
the number of scenarios is only two (w5s2), the objective
function value differs up to 4.85% as compared to the w5s4
case for Γ = 672. The maximum difference greatly reduces
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Γ=0

Γ = 10

Γ = 100

Γ = 672

w5s4
w5s3
w5s2
w4s4
w3s4
w5s4
w5s3
w5s2
w4s4
w3s4
w5s4
w5s3
w5s2
w4s4
w3s4
w5s4
w5s3
w5s2
w4s4
w3s4

Cost (in e 1000)

Time (s)

17,433
17,521
17,497
17,471
16,934
17,577
17,648
17,618
17,627
17,093
17,884
17,917
18,041
17,953
17,464
18,066
18,060
18,943
18,215
17,942

31.4
21.2
139.7
11.9
0.36
57.7
32.4
106.9
14.9
0.6
298.3
509.2
272.2
38.2
0.6
671.3
2079.2
259.1
413.8
0.5

Difference from
base case (w5s4)(%)
0.50
0.36
0.22
-2.86
0.41
0.24
0.29
-2.75
0.19
0.88
0.39
-2.35
-0.03
4.85
0.82
-0.69

when the number of scenarios is increased to three (maximum
difference is 0.5%), so we conclude that no significant loss on
the solution quality is achieved for using four scenarios with
five representative weeks.
Finally, we compare the computation times. Generally, it
increases with the value of Γ and the number of representative
weeks. On the other hand, the number of scenarios per
representative weeks does not have a straightforward effect
on the computational time.
B. Out-of-sample Analysis
To verify the quality of the obtained solutions, an out-ofsample analysis was conducted for Germany on 1000 different
scenarios of the day-ahead prices, the intraday prices, the PCR
prices, the load and the PV generation. Average intraday prices
were considered to analyse the robustness of the solutions obtained using different Γ values. Instead of using representative
weeks and corresponding weights, in this analysis we used all
52 unique weeks. First we calculated the mean and standard
deviation for each uncertain dataset (e.g. day-ahead prices).
Then, we sampled the error (ε) out of the normal distribution
with calculated parameters ( ε ∼ N (µ, σ 2 ) ) and added it to
the original dataset. This procedure resulted in 1000 scenarios
of possible uncertainty realizations used in the Monte Carlo
simulation.
Fig. 5 shows the cumulative probability distribution functions (CDF) of the expected operating cost as calculated using
Monte Carlo simulations for Γ = 0, 10, 100 and 672. The
best performance is achieved for Γ values 0 and 672. These
CDFs both have a mean e 1,761 thousands, while the standard
deviation is e 19,828 for Γ = 0 and e 20,177 for Γ = 672
(both slightly above 0.1%). The worst results are achieved
for Γ = 10, which has mean value e 1,763 thousands with
standard deviation e 19,986. All the CDFs have quite low
standard deviation, which indicates that the solution is robust
to the actual realization of uncertainty. Also, the extreme

1.0
0.8

=0
= 10
= 100
= 672

0.6

Probability

TABLE IV
O BJECTIVE FUNCTION VALUE AND COMPUTATIONAL TIME FOR G ERMANY
(A)

0.4
0.2
0.0

1.756

1.758

1.760

1.762
1.764
Overall cost [ ]

1.766

1.768

1.770

1e7

Fig. 5. CDF of the overall system cost for the German case (A) for Γ = 0,
10, 100 and 672

values of the uncertainty budget Γ perform better than the
ones in between, emphasizing the importance of its proper
selection based on the prior bidding experience.
V. C ONCLUSION
This contribution presents a stochastic two-stage optimization model for IP participation in parallel revenue streams,
namely day-ahead, intraday, PCR market participation as well
as peak shaving and optimized self-consumption. The model is
applied in a case study to three countries, Denmark, Germany
and Croatia, allowing the implications of differences in market
frameworks and climates to be evaluated.
The results show that investment in BSS and/or PV systems
can lead to relatively small economic savings for the considered IPs, with equally small advantages through aggregated
market participation. The presented case studies for each
country indicate that the developed PCR markets make the
BSS investment attractive at 400e/kW and 400e/kWh cost,
while the absence of such markets (and low end-consumer
fees) will deter the BSS investment. On the other hand, the
PCR markets are quite small in terms of the power quantities
and over-investment in PCR-providing assets could drastically
reduce the price, which is deemed to occur in Denmark.
BSS is a powerful ally for PV to increase the level of selfconsumption. However, the cost of BSS needs to be further
reduced to make the BSS-PV joint investment profitable under
the current low electricity consumption fees. At this point,
the high PV output in Croatia makes only the PV investment
attractive. Generally, the highest cost reductions are achieved
in Germany, due to high electricity fees for end consumers
and operational PCR market.
This overall situation is expected to change in the near
future, as both BSS costs and energy-political frameworks
develop. On the one hand, industrial flexibility should benefit
from additional incentives, on the other hand future electricity
prices are highly uncertain.
A PPENDIX A
Objective function (1) consists of two parts – the first
two lines minimize the system’s cost, while the third line
maximizes the damage caused by the volatile intraday prices
and acts as a robust subproblem with the following objective
function:
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max

X

ρw ·(

bq,h,w,s
w∈ΩW

168 X
4 X
X

ID
πw,s ·∆λID
q,h,w,s ·eq,h,w,s ·bq,h,w,s )

h=1q=1s∈ΩS

(A-1)
The robust subproblem takes average values of the intraday
prices and has a possibility to add ∆λID
q,h,w,s value in order
to deteriorate the objective function value. In equation (A-1),
variable bq,h,w,s decides in which time periods the price is
going to take its highest value to inflict the most damage to
the objective function. bq,h,w,s is a relaxed binary variable and
behaves under the following constraints:
168 X
4
X

bq,h,w,s ≤ Γ,

∀w, s

(A-2)

∀q, h, w, s

(A-3)

h=1q=1

0 ≤ bq,h,w,s ≤ 1,

Thus, the relaxed binary variable can take value above 0 in any
time period, but the sum of those values can be at most equal
to Γ, which is a user-controlled parameter that represents the
uncertainty budget.
Since the objective function consists of two parts that
have different optimization directions (the first part aims at
minimizing the objective value, while the second parts wants to
maximize it), the robust subproblem (A-1)–(A-3) is converted
to its dual form to change the direction of its objective
function. Minimizing the dual will achieve the same optimal
solution as when maximizing the primal and can then be
directly integrated in objective function (1). Based on the rules
for converting a primal problem to its dual form [38], the part
of objective function that maximizes the inflicted damage is
formulated as its dual subproblem minimizing over the set
Υ = {zw,s , ωq,h,w,s , yq,h,w,s } as follows:
min
Υ

X

w∈ΩW

ρw ·(

4 X
168 X
X

πw,s ·ωq,h,w,s +

h=1q=1s∈ΩS

+

X

(A-4)
πw,s ·zw,s ·Γ)

s∈ΩS
ID
zw,s + ωq,h,w,s ≥ ∆λID
q,h,w,s · eq,h,w,s ,

∀q, h, w, s (A-5)

Since each constraint of the primal problem has a corresponding dual variable, the robust subproblem has two dual
variables. Variable zw,s represents the sensitivity of the model
to changing the parameter Γ. This parameter can take values
from 0 to the number of considered time periods and it
represents the number of time periods in which the price
may be altered from its average value to inflict damage to
the objective function. The worst case is when Γ takes the
maximum value allowing the prices in all time periods to take
their highest value.
In the primal problem there is variable bq,h,w,s , which
indicates if the price in specific time period was altered. Dual
variable ωq,h,w,s takes value greater than 0 when bq,h,w,s is
greater than 0.
To conclude, both zw,s and ωq,h,w,s represent sensitivity of
the model to the number of intervals in which the price was
altered to inflict the most damage to the objective function.
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