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a b s t r a c t

The operation of power-to-X systems requires measures to control the cost and sustainability of elec-
tricity purchased from spot markets. This study investigated different bidding strategies for the day-
ahead market with a special focus on Sweden. A price independent order (PIO) strategy was devel-
oped assisted by forecasting electricity prices with an artificial neural network. For comparison, a price
dependent order (PDO) with fixed bid price was used. The bidding strategies were used to simulate H2

production with both alkaline and proton exchange membrane electrolysers in different years and
technological scenarios. Results showed that using PIO to control H2 production helped to avoid the
purchase of expensive and carbon intense electricity during peak loads, but it also reduced the total
number of operating hours compared to PDO. For this reason, under optimal conditions for both bidding
strategies, PDO resulted in an average of 10.9% lower levelised cost of H2, and more attractive cash flows
and net present values than PIO. Nevertheless, PIO showed to be a useful strategy to control costs in years
with unexpected hourly price behaviour such as 2018. Furthermore, PIO could be successfully demon-
strated in a practical case study to fulfil the on-demand requirement of an industrial captive customer.
© 2020 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY license

(http://creativecommons.org/licenses/by/4.0/).
1. Introduction

Policies and incentives designed to tackle climate change,
combined with the declining costs of renewable energy technolo-
gies continue to decarbonise the energy system [1]. In particular,
variable renewable electricity (VRE), such as wind and solar, is
being rapidly integrated into electricity networks. However, high
levels of VRE can be challenging due to their intermittency and
uncertainty (especially for wind) [2]. High levels of VRE can exac-
erbate an imbalance between supply and demand resulting in grid
congestion, which in extreme cases forces the system operator to
accept less VRE than it is possible to produce (i.e. curtailment) and
rely on fossil fuel back up generation [1,3].

To minimize such drawbacks, the concept of using difficult to
manage electricity from VRE to produce H2 through water elec-
trolysis has gained attention in the recent years [4]. H2 as an energy
carrier can be used in a variety of processes to produce gaseous (e.g.
r Ltd. This is an open access articl
CH4 and NH3) and liquid fuels (e.g. methanol, gasoline and dimethyl
ether), heat or even directly used as fuel for mobility [5,6]. Such
energy concepts, frequently referred to as power-to-X (PtX or P2X),
may assist grid balancing, reduce VRE curtailment, offer large-scale
energy storage (e.g. H2 and CH4 in natural gas grid), couple different
energy sectors, and reduce greenhouse gas (GHG) emissions
through carbon capture and utilization (CCU) when H2 is synthe-
tized with CO2 (i.e. 4H2 þ CO2 / CH4 þ 2H2O; DH ¼ �165 kJ) [7].

Different water electrolysis technologies are suitable for PtX
applications. The most suitable for short- or mid-term imple-
mentation are alkaline electrolysis (AEL) and proton exchange
membrane electrolysis (PEMEL) thanks to their higher technology
readiness levels (TRL). Other emerging technologies such as anion
exchange membrane electrolysis (AEMEL) and solid oxide elec-
trolysis (SOEL) may be considered in the future [8,9]. Due to its
maturity, AEL has the advantages of lower investment and main-
tenance costs compared to PEMEL. Conversely, PEMEL has been
specially designed for flexible operation which significantly re-
duces start-up times from cold or hot standby [10], reducing the
associated energy penalty and potentially leading to higher annual
e under the CC BY license (http://creativecommons.org/licenses/by/4.0/).
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Nomenclature

List of abbreviations
AEL alkaline electrolysis
AEMEL anion exchange membrane electrolysis
CAPEX capital expenditures
CCU carbon capture and utilization
CH4 methane
CO2 carbon dioxide
GHG greenhouse gas
H2 hydrogen
H2O water
KOH potassium hydroxide
LCOH2 levelised cost of hydrogen
MAPE mean absolute percent error

MLP multi-layer perceptron
NCF net cash flow
NH3 ammonia
NN neural networks
NOH non-operating hours
NPV net present value
SOEL solid oxide electrolysis
OPEX operational expenditures
PEMEL proton exchange membrane electrolysis
PDO price dependent order
PIO price independent order
PtCH4 power-to-methane
PtX power-to-X
TRL technology readiness levels
VRE variable renewable electricity
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performances of PtX systems [11]. Research and developments are
focused on innovations that will improve flexibility, current den-
sity, efficiency, durability and the output pressure of AEL and/or
PEMEL. Over time, such advancements are expected to deliver
improved economic performance [12].

Different studies on H2 production via water electrolysis have
shown that electricity purchase is the main cost driver [13,14].
Additionally, McDonagh et al. [15,16] demonstrated that for power-
to-methane (PtCH4) production, when H2 from PEML is synthetized
with CO2 in a catalytic reactor, low-cost electricity alone is not
sufficient to reduce production costs significantly. Instead, a mini-
mum number of run hours is also required to offset the project
investment. Furthermore, with increasing shares of VRE in the
energy mix, electricity markets and prices become less predictable.
In particular, sudden and unexpected price peaks and emerging
seasonality of prices at daily, weekly and yearly level have been
observed [17]. Therefore, different operational strategies for
running electrolysers might have a significant influence on the
profitability of PtX.

In cases where electricity is purchased in the spot market, the
day-ahead system is one of the most commonmodalities of trading
in different power exchanges [18]. Each market agent submits bids
for the upcoming day (24 h) before a set deadline in the previous
day (e.g. 12:00 noon). Thus, anticipating electricity prices could be
useful for developing an operational strategy to control costs, run
hours, penalties for bringing the system into service from standby,
as well as providing H2 according to the specific requirements of a
PtX application.

Different methods such as game theory, reduced form, and sta-
tistical models have been used for predicting electricity prices [17].
Recent advances have allowed neural networks (NN) to outcompete
these traditional methods on time series and energy-related topics
like wind power and load forecasting [19]. In general, the basic ar-
chitecture of NN model consists of an initial layer of input data, a
single or multiple hidden layers to concatenate and identify patterns
and an output layer of results. Thus, sequential time data (e.g. past
electricity prices) is first used for in-sample training of the NN and
later for out-of-sample testing (e.g. forecasting) [20].

In Scandinavian countries, electricity is traded on the Nord Pool
power exchange, where two different order types can be placed for
single hourly trading in a day-ahead market: (a) price dependent
orders (PDO); and (b) price independent orders (PIO). For PDO,
market agents can specify the minimum and maximum bid prices
as well as for the volume of electricity to be traded in each hour of
the day. Whereas, for PIO the bid specifies only the volume of
electricity at any price pre-defined in the range of �500 to 3000
V/MWh [21]. Thus, a comparison between PDO and PIO (assisted by
price forecasting) would beworthwhile, as it may result in different
electricity prices paid, total number of hours and consecutive hours
purchased. The latter is particularly important when AEL is used
due to its lower flexibility in comparison to PEMEL [10].

Electrofuels production directly coupled to VRE and/or electricity
grids have been recently investigated in different studies [22e24].
Even though wind forecasting has been used to optimize H2 pro-
ductionwhen electrolysers are deployed atwind parks or as amethod
to control the carbon intensity of the process [25,26], the operation of
electrolysers assisted by forecasting day-ahead electricity prices in the
spot market has not been previously detailed [14,27]. This is impor-
tant because the potential benefits of price forecasting might be
directly related to the characteristics of each energy market in terms
of price fluctuations at daily, weekly and yearly level.

To the best of the authors’ knowledge, an in-depth analysis on
markets covered by Nord Pool power exchange has never been
reported for PtX applications. In volume traded, Nord Pool is the
largest spot market in Europe, thus providing a suitable test of
model-based tools. Furthermore, Frank et al. (2018) has introduced
the concept of annual performance by assessing the energy con-
sumption of electrolysers during cold- and hot standby as well as to
bring the system into service, such dynamics however have neither
been reported using real electricity market data nor the relevance
to the economic performance investigated [28]. Lastly, the present
research adds to the existing literature by comparatively assessing
the operational and economic performance of different water
electrolysis technologies over time up to 2040. Thus, the objectives
of this study are to:

- Assess yearly price characteristics in an electricity market
covered by Nord Pool;

- Set-up a model based on NN to forecast day-ahead electricity
prices in the spot market;

- Investigate the effects of different bidding strategies on H2
production in terms of operational and economic performance;

- Compare AEL and PEMEL in different technological scenarios.
2. Methodology

2.1. System description

In this study, PtX system refers to a H2 production facility in



Fig. 1. Description of the technical system boundary.
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which H2 could be potentially delivered for any further application,
including direct use as fuel for mobility. Thus, H2 is either produced
through AEL or PEMEL technologies according to Eq. (1) [29].

H2O/electrolysis H2 þ
1
2
O2 (1)

The electricity is either obtained from the spot market of the
Nord Pool power exchange in a day-ahead trading scheme (planned
purchasing of large volumes, see section 2.3) or from the regulated
market (purchasing smaller volumes during system downtime, see
section 2.2). Different supplies such as deionized water and po-
tassium hydroxide (KOH) as alkaline reagent for electrolyte are
considered according to the respective water electrolysis technol-
ogies assessed. To allow storage at 500 bar, H2 is compressed as
soon as it is produced in the stacks [30]. To account for H2 storage
requirements, a capacity of 24 h of full load operation of an elec-
trolyser with 1074 kWel was considered. The recovery of low tem-
perature waste heat (60 �C) from the electrolysers is also
considered. In contrast, the possibility of selling O2 is excluded due
to the possible saturation of the market in case of large-scale
deployment of the technology [13].

The model does not consider reductions in electrolyser perfor-
mance over time, however, component replacement costs are
included in economic assessment. Even though this study uses the
most recent literature available, unavoidable uncertainty exists in
the capital costs, in particular for the 2030 and 2040 technological
scenarios [12]. The assessment of different technological scenarios
intends to provide a comparison of water electrolysis technologies
over the time, and not necessarily to provide forecasts of H2 pro-
duction costs in the future. Fig. 1 and Table 1 show the technical
system boundary and the overview of the different characteristics
of AEL and PEMEL technologies.
2.2. Dynamics of electrolyser operation

As day-ahead electricity spot markets can be volatile, the
operation of the electrolysers will occur not only on full load but
also on two other states, that is cold and hot standby [11]. These are
defined as the non-operating hours (NOH) of the system. As
100 kWh is the lowest bidding volume on Nord Pool’s day-ahead
market, the energy consumption during NOH as well for safety
infrastructure is derived from the regulated market with a fixed
tariff of 100 V/MWh.

In addition, an energy penalty for bringing the system into
service from cold standby is also considered. During this period, the
electricity from the spot market is purchased but no H2 is produced.
Details on the power required in each operation mode are pre-
sented in Table 2.
2.3. Nord Pool spot market data

Historical electricity prices from the Nord Pool day-ahead
market from 2013 to 2018 were used either for training the NN or
for simulating operation of the PtX system. The electricitymarket in
Sweden is subdivided into four different regions: SE1 and SE2 are
dominated by hydroelectricity; SE3 is predominately nuclear po-
wer generation; and SE4 is the regionwith the highest share of VRE
in the country. Therefore, SE4 was chosen as a case study since this
region offers more appropriate conditions for deployment of elec-
trolysers despite its high combined heat and power production
partly based on fossil fuels.

An analysis of variance (one-way ANOVA) followed by Tukey
pairwise comparisonwas performed on the hourly electricity prices
to verify whether statistical differences could be observed among
years with 99% confidence level. The analysis was run with the
software Minitab 18 (Minitab, USA).

2.4. Bidding strategies e Price Dependent and Price Independent
Orders

Two different bidding strategies were developed for compari-
son, namely Price Dependent Order (PDO) and Price Independent
Order (PIO).

For PDO the minimum bid price was defined as the lowest
possible price allowed at Nord Pool (�500 V/MWh) and the
maximum bid price was varied to reflect different operational
strategies. Thus, every time the prices are equal to or lower than the
maximum bid price, the electrolyser will operate. When the elec-
tricity price is higher than the maximum bid price, the number of
NOH is counted and used to decide whether the electrolyser is put
on hot or cold standby (if NOH> 8 h; then put on cold standby). This
was decided as the power requirement in hot standby is approxi-
mately eight times (39 kW) that of cold standby (5 kW) [11]. PDO is
representative of a PtX facility aiming simply to minimize the lev-
elised cost per unit of H2 produced (see section 2.7), generally by
maximizing the economic use of the electrolyser (capacity factor).
This strategy is driven by the electricity price in the spotmarket and
is applicable should demand for H2 significantly exceed potential
supply, or when H2 is injected into geological formations (e.g. salt
caverns) for seasonal storage and/or into the natural gas grid within
limitations [34].

In contrast, the PIO strategy aims to serve a demand for H2 by
sourcing the cheapest hours in a day-ahead scheme according to a
pre-defined operating schedule based on H2 demand and system
load in the electricity grid. An assumption made here is that the
fixed demand for H2 is equivalent to 12 h of production per day,
producing above this may be counterproductive unless the load in
the system is considered low. In this case, the operating schedule



Table 1
Specifications of the water electrolysis technologies.

Characteristics 2020 2030 2040 Source

AEL Electricity consumption (kWh/m3 H2)a 5.3 5.0 4.9 [12,16,31]
Conversion efficiency (%)a 66.8 70.9 72.3 [12,16,31]
Cold start-up time (ramp up) 2 h 1 hb <1 minc [10]
Hot start-up time 3 min <1 minb <1 minb [10]
Operation pressure (bar) 15 40 100 [32]

PEMEL Electricity consumption (kWh/m3 H2)a 4.9 4.6 4.4 [12,16,31]
Conversion efficiency (%)a 72.3 77.0 80.5 [12,16,31]
Cold start-up time (ramp up) 7 min 3 minb <1 minb [10]
Hot start-up time <10 s <10 sb <10 sb [10]
Operation pressure (bar) 20 100 >150 [33]

Note:
a Based on higher heating value (HHV) and normal temperature and pressure (NTP) values (20 �C and 101.325 kPa).
b Estimated to account for technology development.
c Ambitious performance, serves to illustrate effects of improvement on total system performance over time.

Table 2
Power capacity requirement for different operation modes of a H2 production plant with 1074 kW electrolyser.

Operation mode Power requirement Operation condition

Spot market Regulated market

Cold standby - 7 kW Electrolyser consumption: 5 kW (0% H2 production)
Safety infrastructure consumption: 2 kW

Bringing into service (ramp up) 1074 kW 2 kW Electrolyser consumption: 1074 kW (0% H2 production)
Safety infrastructure consumption: 2 kW

Hot standby - 41 kW Electrolyser consumption: 39 kW (0% H2 production)
Safety infrastructure consumption: 2 kW

Full load operation 1074 kW 2 kW Electrolyser consumption: 1074 kW (100% H2 production)
Safety infrastructure consumption: 2 kW

Note:
All values obtained from Ref. [11].
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also considers seasonal variations in the SE4 system load, which
could potentially influence prices in the spot market as well as the
carbon intensity of the electricity used [26]. For this reason,
different operating schedules were chosen for winter (12 h/d),
spring (18 h/d), summer (24 h/d) and fall (18 h/d) to help decide if
the system should operate (electricity load is shown in Appendix 1
Fig. 1A). This way demand for H2 is always served and there is
potential to take advantage of low prices for electricity in the non-
winter seasons [35]. Also, it allows seasonal energy storage in case
the H2 production above 12 h/d is injected into salt caverns and/or
natural gas grid. The PIO strategy purchases volumes of electricity
in each hour of the day at any price pre-defined at the power ex-
change in the range of �500 to 3000 V/MWh. To assist this deci-
sion, electricity prices are modelled and stepwise forecasted in a
day-ahead scheme (more information is given in section 2.5).
Once prices are forecasted, the average value for the next 24 h is
calculated and used as reference for the decision whether the
electrolyser is put in operation, cold- or hot standby. As the current
model does not allow partial load operation, the same volume is
purchased from the spot market regardless of the bidding strategy
(i.e. 1074 kWh). The decision trees for PDO, PIO as well as a sum-
mary of both bidding strategies are shown in Fig. 2 and Table 3.
2.5. Forecasting of electricity prices

A feedforwardmulti-layer perceptron neural network (MLP-NN)
model was set-up to forecast short-term electricity prices in a day-
ahead scheme using a MATLAB toolbox [36]. To better reflect local
conditions, the pre-defined input data of historical natural gas
prices available in the MATLAB toolbox was substituted by hydro-
power reservoir data obtained from Nord Pool. Historical values of
system load and electricity prices were obtained from the Nord
Pool SE4 region and used as input data. Dry bulb temperature and
dew point data from a meteorological station, H€orby A (55�N 13�E,
114 m altitude), as well as national holidays in Sweden were also
used [37]. These input values (including hour of the day and day of
the week) were used by the NN to calculate additional predictors
such as working day, system load at the same hour in the previous
week, system load at the same hour in the previous day, average
system load in the previous 24 h, electricity price at the same hour
in the previous week, electricity price at the same hour in the
previous day, average electricity price in the previous 24 h, hy-
dropower reservoir in the previous 24 h and average hydropower
reservoir in the last week.

To assess the accuracy of the model, the mean absolute percent
error (MAPE) between electricity price and forecasted electricity
price was calculated according to Eq. (2).

MAPE¼100%
n

Xn

t¼1

����
At � Ft

At

���� (2)

Where:

At is the electricity price (V/MWh);
Ft is the forecasted electricity price (V/MWh).
2.5.1. Adjustment of the neural network
In order to minimize MAPE value, the MLP-NN was trained

under supervised learning based on backpropagation (gradient-
based learning). Therefore, the number of years used for in-sample
data training and out-of-sample testing of the NN was adjusted, as
well as the number of neurons in the hidden layer being varied
between 10 and 100 (Table 4). It was found that a minimum
number of years are necessary for training the NN to reduce error in
forecasting varied according to the forecasted year. For example, for



Fig. 2. Decision tree for price dependent order and price independent order bidding strategies.

Table 3
Summary of price dependent order (PDO) and price independent order (PIO).

Aspect Bidding strategy

Price Dependent Order (PDO) Price Independent Order (PIO)

Bid price Maximum price willing to be paid is chosen, operates when system marginal
price is below this price.

Operates during lowest cost hours of the day in order to supply seasonal
demand.

Capacity factor Dictated by system marginal price. Lower prices, higher operating hours. Dictated by demand and season. Operate sufficient hours to meet
demand.

Suitable business
model

Grid injection or other H2 use whereby storage capacity is not an issue. Servicing transport and/or local industry. It can be operated to provide
seasonal energy storage.

L. Janke et al. / Renewable Energy 156 (2020) 820e836824
2016, training the NN with 2 previous years showed satisfactory
results (MAPE of 9.26%) while increasing the train set to 3 years
showed only a minor improvement (MAPE of 9.03%). For 2017, data
from at least 3 previous years was needed for a MAPE of 10.64%
with minimal improvement seen by increasing the train set to 4
years (MAPE of 10.26%). In general, by increasing the number of
neurons from 10 to 100 the MAPE is stepwise increased reducing
the accuracy of the forecasting. Overlapping of data making the
model unnecessarily complex may explain this. Nevertheless, in an
extensive assessment of 27 different forecasting methods, Lago
et al. (2018) still found a MAPE of 12.3% in their preferred approach,
reinforcing the robustness of the current model with an average
MAPE for the test set (2016-2018) of 10.99%.

Even though the trend of decreasing MAPE with increasing
number of years in the train set was also found for 2018, the lowest
MAPE observed for 2018 was much higher than the others (14.68%
with 20 neurons in the hidden layer). This is attributed to the values
used for training not describing 2018 as well as they described 2016
and 2017. Nevertheless, simulations were always carried-out by
using all available data (prior to the year of testing) for in-sample
training as per this assessment. A value of 10 neurons in the hid-
den layer was used when testing for 2016 and 2017 while in 2018
20 neurons were chosen.
2.6. Optimization of bidding strategies

The PDO bidding strategy was optimized by varying maximum
bid prices between 20 and 100 V/MWh, thus identifying bid prices
that optimally minimized levelised cost of H2 (LCOH2) and maxi-
mized net cash flow (NCF). As PIO does not require a bid price to
place a purchase order, the bid price refers to the maximum price
willing to be paid based on forecasted values. Therefore, every time
the forecasted average price of the next 24 h is lower than the
maximum price willing to be paid (i.e. bid price of PIO), the fixed
volume of 1074 kW is placed in each hour of the day up to the
seasonal operating schedule. For example, for an operating
schedule of 50% of maximum production, an order for the twelve
cheapest hours in a 24 h period would be placed. For this reason,
the bid price in PIO was also varied between 20 and 100 V/MWh in
order to minimize LCOH2 and maximize NCF.
2.7. Economic assessment

To provide a more comprehensive assessment of H2 production
the current study focuses on three main economic indicators,
namely NCF, net present value (NPV) and LCOH2. For the relevant
assessments, a H2 selling price for industrial applications of 3.2



Table 4
Mean absolute percent error (MAPE) for different composition of train and test sets as well as number of neurons in the neural network (NN).
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V/kgH2 (8.1 c/kWh or 81 c/L of diesel equivalent) is assumed
throughout, HHV of H2 is taken as 39.4 kWh/kg [38].

The NCF is the difference between income and expenditure over
a period as per Eq. (3):

NCFy ¼ðH2salesþHeat salesÞ � OPEXy (3)

Where:

H2 sales is the yearly income obtained by selling the produced
H2;
Heat sales is the yearly income obtained by selling the produced
waste heat at a price of 25 V/MWh [39];
OPEXy is the yearly operational expenditures of the PtX system.

The NPV is the difference between the sum of the discounted
NCFs and the initial investment. The calculation is described in Eq.
(4) below:

NPV ¼ � CAPEX þ
Xn

y¼0

NCFy
ð1þ kÞy (4)

Where:

CAPEX is the capital expenditures of the PtX system;
k is the discount rate estimated at 6.5% per year for onshore
wind projects in Nordic countries [40];
The LCOH2 is the breakeven selling price of the H2 produced and
is given by Eq. (5) below:

LCOH2 ¼
Pn

y¼0
costs in year y

ð1þkÞy
Pn

y¼0
kWh of H2 produced in year y

ð1þkÞy
(5)

All indicators are calculated in 2018 in euros.
The timeline for relevant calculations includes a 3-year

commissioning phase, 30 years of operation (during which the
electrolyser is replaced 3 times) and one-year decommissioning.
CAPEX and OPEX values of AEL and PEMEL used in this study are
shown in Appendix 2 Table 2A. Also, additional costs, such as land
purchase, permits, transport, site preparation, engineering and
design costs, grid connection as well as contingency were calcu-
lated according to Eq. (6). Both LCOH2 and additional costs calcu-
lations were previously described in detail [16].

Additional costs¼V18:687ðkWe of electrolysersÞ þV200;000
(6)

3. Results and discussion

3.1. Data set characterization

The price characteristics of the data set are shown in Fig. 3.
During 2013-2018, 65% of the hourly price distribution was found
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between 20 and 40V/MWhwith an average value of 33.80V/MWh.
Within this period significant differences were found in yearly
average prices (p < 0.01), except when 2014 and 2017 are compared
(p > 0.01). Also, important differences in price distribution among
the years were found. In 2015 and 2016 the majority of the hourly
prices were below 30V/MWh, the lowest prices in the data set with
average values of 22.90 V/MWh and 29.53 V/MWh respectively.

In contrast, 2013 and 2018 presented the highest average prices
with average values of 39.93 V/MWh and 46.36 V/MWh respec-
tively. In 2018 particularly unfavourable weather conditions
(drought) seem to have influenced the highly hydropower depen-
dent Swedish electricity market as 68% of the hourly price distri-
bution in that year was above 40 V/MWh.

Interestingly, the range of prices (difference between minimum
and maximum values), was more pronounced in 2016 (210.23
V/MWh) and 2018 (253.43 V/MWh) in comparison with other
years (average of 123.27 V/MWh). This demonstrates that even
low-price years like 2016 are subject to high short-term volatility in
electricity prices, suggesting that a forecast of such events could be
beneficial to manage the operation of electro-intensive processes.

3.2. Results of bid strategy optimization

To minimize LCOH2 and maximize NCF, bid prices were varied
from 20 to 100 V/MWh with the PDO bidding strategy. The same
procedure was used in PIO, however, in this case the maximum
price willing to be paid (i.e. bid price of PIO) was varied. In general,
it was found that by increasing bid prices in both bidding strategies,
the LCOH2 is reduced to optimal values. This is indicated in Figs. 4
and 5 (coloured symbols). Such behaviour is primarily explained
by the increase in the system’s run hours resulting in higher H2
production offsetting CAPEX over the life of the project.

By further increasing bids beyond the optimal price indicated,
more expensive electricity is used but the resultant increase in H2
production costs are negligible, the LCOH2 essentially flattens
above these values. Here the increased operational costs (more
expensive electricity from the spot market) are offset by increased
H2 produced, and the number of NOH (standby costs) are mini-
mized. In terms of sustainability, the additional electricity
consumed (beyond optimal) is also more likely to be carbon-
intense and would increase the environmental impact of the H2.
This is true of both PDO and PIO.

Independent of the bidding strategy used, major differences can
be observed among the simulated years, in particular in 2018. The
higher average electricity prices found in that year led to higher
optimal bid prices, markedly increasing H2 production costs. For
the same reason, 2017 presented a slightly higher LCOH2 in com-
parison to 2016. Interestingly, the lower range of prices observed in
2017 did not result in significant economic advantage (reducing
LCOH2 or increasing NCF) which demonstrates the higher impor-
tance of average price compared to range of price in determining
the economic performance of PtX systems.

In contrast to our hypothesis, the bidding strategy based on
electricity price forecasting (PIO) resulted in an average 10.9%
higher LCOH2 and 32.6% lower NCF compared to PDO. This could be
attributed to the seasonal operating schedule (more often in the
summer, and less often in the winter, see section 2.4 and appendix
1) used to control the operation at times of high load in the system
(e.g. winter). For the same reason, in all analysed scenarios, PIO
always showed a considerably lower NCF than PDO which directly
influenced the economic attractiveness of this bidding strategy.

If perfect forecasting is considered, only minor improvements in
LCOH2 are found, reductions of 1.3%,1.6% and 2.2% in LCOH2 in 2016,
2017 and 2018, respectively. This demonstrates that it was indeed
the seasonal operating schedule based on system load that was
responsible for the reduced performance of PIO, as it limited the
operation of the electrolysers to a maximum of around 6500 h per
year (capacity factor of 0.75). This number of operational hours is
considered sub-optimal to minimize LCOH2 given that optimal bid
prices for PDO gave capacity factors between 0.80 and 0.99. These
high optimal capacity factors are heavily influenced by the low-cost
baseload electricity in Sweden (SE4), and the difference observed
between PIO and PDO would likely be much smaller in areas with a
more diverse electricity mix and/or higher cost generation.

However, the PIO bidding strategy showed to be an important
measure to control costs in years of unexpected high electricity
prices and thus, would be generally beneficial in avoiding high cost
consumption in higher electricity cost regions as described above.
For instance, in 2018 optimal bid prices were considerably higher
than in 2016 and 2017 regardless of the bidding strategy. If the
operator of an electrolyser using PDO would apply in 2018 the
optimal bid prices found in the two previous years, the LCOH2
would be on average 10% higher compared to the true optimal bid
prices for 2018. Such situation highlights how challenging the
operation of electrolyzers with PDO in real-time is independent of
its potential higher economic performance.

In the meantime, if the electrolyser had been operated accord-
ing to the PIO with a high bid price of 100 V/MWh, the average
LCOH2 would be very similar to PDO with optimal bid prices from
2017 to 2018. This fact shows that the seasonal operating schedule
used in PIOwas useful to control the operation at times of peak load
and consequently higher prices.

Furthermore, the NCF revealed a trend of reduction in net rev-
enues towards higher bid prices in 2018 when the PDO bidding
strategy is used. This is due to the H2 production costs approaching
the selling price of 3.20 V/kg used for assessment, thus by pur-
chasing more expensive electricity, the cash flow is reduced. In
contrast, such behaviour was not observed in PIO due to the sea-
sonal operating schedule that limited the purchase of expensive
electricity even with high bid prices.

3.3. Energy consumption during idle time

This section presents an assessment of the energy consumption
during NOH and time to bring the system into service from cold
standby mode (Fig. 6).

3.3.1. Price dependent order (PDO) versus Price independent order
(PIO)

For PDO, the optimal bid price tended to decrease as electrolysis
improved over time (fewer run hours required), therefore the
number of NOH tended to increase. Thus, the more developed the
technology, the greater the NOH observed for PDO. However, en-
ergy consumption during NOH did not necessarily increase because
the ramp up time from cold standby considerably decreased over
time (Table 1).

In contrast to PDO (capacity factors of 0.80e0.99), optimal bid
prices in PIO resulted in capacity factors of between 0.71 and 0.75
(limited by our seasonal capacity factor constraints e.g. 12 h/day in
winter aimed at reducing unsustainable oversupply of H2). For this
reason, the number of NOH in PIOwere always higher than those in
PDO, and did not vary greatly within the simulated cases (from
2181 to 2540 h/year). Consequently, the energy consumption of PIO
during idle time was on average 6 times higher than for PDO. Here
the characteristics of the market in which the PtX system operates
become very important. On the one hand, higher energy con-
sumption results in higher OPEX for PIO which affects the profit-
ability of this bidding strategy. On the other hand, a lower capacity
factor would suggest that less expensive hours would be purchased
reducing the average price paid for the electricity derived from the



Fig. 3. Price characteristics of the data set (Nord Pool SE4). (a) price distribution in 2013; (b) price distribution in 2014; (c) price distribution in 2015; (d) price distribution in 2016;
(e) price distribution in 2017; (f) price distribution in 2018 and (g) box blot of data set.
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spot market.
3.3.2. Alkaline electrolysis (AEL) versus Proton exchange membrane
electrolysis (PEMEL)

For both AEL and PEMEL a general reduction in energy
consumption over their development was observed. The technol-
ogies markedly reduce their energy consumption during NOH by an
average of 65e70% by 2040, due mostly to faster ramp up times
from cold standby to service [12]. However, as AEL is a moremature
technology, and is therefore less susceptible to innovation, PEMEL



Fig. 4. Bid price variation on levelised cost of H2 (LCOH2 - left y axis) and net cash flow (NCF - right y axis) for bidding strategy based on price dependent order (PDO). (a) Alkaline
electrolyser (AEL) in 2016; (b) proton exchange membrane electrolyser (PEMEL) in 2016; (c) AEL in 2017; (d) PEMEL in 2017; (e) AEL in 2018 and (f) PEMEL in 2018.
Note:
Symbols indicate the optimal bid price to minimize LCOH2 (coloured sections) and maximize NCF (grey sections) where (B) 2020 scenario; (△) 2030 scenario and (,) 2040
scenario.
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showed greater improvements within the technological scenarios
assessed in terms of reducing H2 production costs. The differences
between AEL and PEMEL are largely explained by: (a) in future
scenarios H2 production is cheaper meaning it can operate for
fewer hours (to pay back investment) which increases the NOH
(both cold and hot) of the system for both technologies; and (b)
PEMEL does not require power on hot standby and ramps up faster
than AEL [10,12].
Furthermore, PEMEL continually reduces its energy consump-
tion over time, in fact thanks to the flexibility of PEMEL in shifting
from standby into service, an average of 55% lower energy con-
sumption during NOH was observed in all simulated years and
technological scenarios compared to AEL. Whereas in some cases
AEL performance actually declines, illustrated by 2017 data oper-
ated with PDO where the energy consumption during NOH of AEL
actually increased with technological development because it



Fig. 5. Bid price variation on levelised cost of H2 (LCOH2 - left y axis) and net cash flow (NCF - right y axis) for bidding strategy based on price independent order (PIO). (a) Alkaline
electrolyser (AEL) in 2016; (b) proton exchange membrane electrolyser (PEMEL) in 2016; (c) AEL in 2017; (d) PEMEL in 2017; (e) AEL in 2018 and (f) PEMEL in 2018.
Note:
Symbols indicate the optimal bid price to minimize LCOH2 (coloured sections) and maximize NCF (grey sections) where (B) 2020 scenario; (△) 2030 scenario and (,) 2040
scenario.
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enters in hot standby more often.
3.4. Economic performance

This section presents an assessment of the economic perfor-
mance, in terms of NCF, NPV and LCOH2, according to optimal bid
prices (lowest LCOH2) described in section 3.2.
3.4.1. Price dependent order (PDO) versus Price independent order
(PIO)

The economic performance of PDO is shown in Table 5. In
general, the more advanced the technology, the lower the optimal
bid price, resulting in a higher number of NOH. For this reason, the
average price paid for electricity is reduced up to 6.4% towards
2040. Thus, more developed electrolysers are able to reduce pro-
duction costs by purchasing less expensive electricity.



Fig. 6. Energy consumption during idle time for (a) price dependent order (PDO) and (b) price independent order (PIO) for optimal bid prices used to minimize LCOH2.
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The economic performance of PIO is shown in Table 6. As the
seasonal operating schedule used to control operation at peak loads
limited the number of run hours in this bidding strategy, the
number of NOH were always higher than in PDO, resulting in more
expenses during idle time. However, those NOH and their respec-
tive energy consumption to bring the system into service corre-
sponded to less than 6% of the total expenses with electricity
purchase during H2 production. This fact demonstrates that the
higher flexibility of PEMEL only provides marginal economic ben-
efits to the process, at least when the price characteristics of the
current bidding region is simulated, and when there are no pay-
ments available for quick response demand side management.

Furthermore, as approximately 10% of electricity used becomes
available as waste heat at 60 �C, sales for district heating at a fixed
price of 25 V/MWh can represent an additional income to reduce
H2 production costs [11,39]. For instance, without selling waste heat
the LCOH2 would increase up to 4.2% in 2018 depending on the
different water electrolysis technologies and technological sce-
narios. This additional incomewould be of a great help especially in
years of LCOH2 close to the selling price of H2.

As discussed in section 3.2, PDO showed an average of 10.9%
lower H2 production costs than PIO. However, by analysing the
production costs in detail, it is possible to observe a higher
difference of 17.6% when AEL is simulated in a year with relatively
low electricity prices like 2016 and earlier stage of technological
development (2020). In contrast, the advantage of PDO over PIO is
reduced to 7.8% when PEMEL is simulated in 2018 in a more
developed technological scenario (2040). The reason for that is, in
expensive years, with a more developed technology H2 production
costs are minimized by controlling the number of operating hours,
resulting in an optimal capacity factor of 0.80, which is closer to the
maximum value of 0.75 from PIO.

By performing a sensitivity analysis on PtCH4 production, a
previous study demonstrated that the price paid for electricity and
the capacity factor of the system are most sensitive parameters to
be considered and influence inversely the levelised costs of elec-
trofuels [16]. Even though our results showed that the capacity
factor tends to decrease in future technological scenarios, the
LCOH2 is minimized in the meantime since higher efficiency and
lower CAPEX of the systems as well as the lower price paid for
electricity compensates such lower number of running hours.

Moreover, if the seasonal operating schedule used in PIO would
be optimized in order to reduce LCOH2, it is likely that differences
between PDO and PIO would be further decreased. However, a
detailed analysis on the carbon intensity of the produced H2 would
be required in case the electrolysers are excessively operated



Table 5
Results of price dependent order (PDO) in terms of plant and economic performance for optimal bid prices (minimize LCOH2).

Parameters Units 2016 2017 2018

AEL PEMEL AEL PEMEL AEL PEMEL

2020 2030 2040 2020 2030 2040 2020 2030 2040 2020 2030 2040 2020 2030 2040 2020 2030 2040

Total hours h/year 8784 8784 8784 8784 8784 8784 8760 8760 8760 8760 8760 8760 8760 8760 8760 8760 8760 8760
Operating hours h/year 8631 8414 7834 8478 8145 7596 8694 8485 8043 8529 8218 7833 8195 8004 7431 8131 7627 6988
Non-operating hours h/year 153 370 950 306 639 1188 66 275 717 231 542 927 565 756 1329 629 1133 1772
Cold standby h/year 25 198 683 176 358 864 3 55 299 47 213 457 143 258 756 175 591 1088
Hot standby h/year 128 172 267 130 281 324 63 220 418 184 329 470 422 498 573 454 542 684
Capacity factor - 0.98 0.96 0.89 0.97 0.93 0.86 0.99 0.97 0.92 0.97 0.94 0.89 0.94 0.91 0.85 0.93 0.87 0.80
Optimal bid price V/MWh 60.00 48.00 41.00 50.00 44.00 39.00 56.00 51.00 45.00 53.00 47.00 43.00 68.00 65.00 58.00 67.00 60.00 53.00
Total price paid V 2.5Eþ05 2.3Eþ05 2.1Eþ05 2.4Eþ05 2.2Eþ05 2.0Eþ05 2.7Eþ05 2.6Eþ05 2.4Eþ05 2.7Eþ05 2.5Eþ05 2.3Eþ05 3.6Eþ05 3.5Eþ05 3.1Eþ05 3.6Eþ05 3.2Eþ05 2.9Eþ05
Average price paid V/MWh 28.49 27.86 26.66 28.01 27.27 26.24 31.44 31.19 30.29 31.30 30.62 29.92 44.05 43.52 42.15 43.87 42.58 41.25
NOH cost V/year 7.3Eþ02 1.3Eþ03 1.6Eþ03 4.4Eþ02 3.9Eþ02 2.9Eþ02 4.6Eþ02 1.1Eþ03 1.9Eþ03 4.8Eþ02 4.0Eþ02 2.6Eþ02 3.2Eþ03 3.2Eþ03 2.9Eþ03 1.3Eþ03 9.3Eþ02 6.4Eþ02
CAPEX V 2.0Eþ06 1.8Eþ06 1.6Eþ06 2.8Eþ06 2.1Eþ06 1.6Eþ06 2.0Eþ06 1.8Eþ06 1.6Eþ06 2.8Eþ06 1.8Eþ06 1.6Eþ06 2.0Eþ06 1.8Eþ06 1.6Eþ06 2.8Eþ06 2.1Eþ06 1.6Eþ06
NCF V/year 2.1Eþ05 2.5Eþ05 2.6Eþ05 2.4Eþ05 2.9Eþ05 3.1Eþ05 2.8Eþ00 2.2Eþ05 2.3Eþ05 2.9Eþ00 2.6Eþ05 2.9Eþ05 5.5Eþ04 9.5Eþ04 1.1Eþ05 8.5Eþ04 1.4Eþ05 1.6Eþ05
NPV V 1.1Eþ06 1.8Eþ06 2.0Eþ06 9.6Eþ05 2.1Eþ06 2.7Eþ06 7.4Eþ05 1.4Eþ06 1.7Eþ06 5.8Eþ05 1.8Eþ06 2.4Eþ06 �9.2Eþ05 �2.5Eþ05 1.2Eþ05 �1.1Eþ06 1.6Eþ05 8.6Eþ05
LCOH2 V/kg H2 2.65 2.37 2.21 2.76 2.25 1.94 2.83 2.54 2.40 2.94 2.42 2.11 3.67 3.33 3.14 3.71 3.13 2.77

Table 6
Results of price independent order (PIO) in terms of plant and economic performance for optimal bid prices (minimize LCOH2).

Parameters Units 2016 2017 2018

AEL PEMEL AEL PEMEL AEL PEMEL

2020 2030 2040 2020 2030 2040 2020 2030 2040 2020 2030 2040 2020 2030 2040 2020 2030 2040

Total hours h/year 8784 8784 8784 8784 8784 8784 8760 8760 8760 8760 8760 8760 8760 8760 8760 8760 8760 8760
Operating hours h/year 6569 6572 6244 6569 6494 6244 6579 6552 6416 6552 6523 6416 6574 6574 6574 6574 6574 6574
Non-operating hours h/year 2215 2212 2540 2222 2222 2540 2181 2208 2344 2208 2237 2344 2186 2186 2186 2186 2186 2186
Cold standby h/year 806 807 1302 822 822 1302 834 867 1071 867 902 1071 467 467 467 467 467 467
Hot standby h/year 1409 1405 1238 1400 1400 1238 1347 1341 1273 1341 1335 1273 1719 1719 1719 1719 1719 1719
Capacity factor - 0.75 0.75 0.71 0.75 0.75 0.71 0.75 0.75 0.73 0.75 0.74 0.73 0.75 0.75 0.75 0.75 0.75 0.75
Optimal bid price V/MWh 52.00 52.00 39.00 52.00 45.00 39.00 48.00 47.00 41.00 47.00 45.00 41.00 78.00 78.00 57.00 78.00 64.00 57.00
Total price paid V 1.8Eþ05 1.8Eþ05 1.7Eþ05 1.8Eþ05 1.8Eþ05 1.7Eþ05 2.0Eþ05 2.0Eþ05 1.9Eþ05 2.0Eþ05 2.0Eþ05 1.9Eþ05 3.0Eþ05 3.0Eþ05 2.6Eþ05 3.0Eþ05 2.8Eþ05 2.6Eþ05
Average price paid V/MWh 28.13 28.13 27.15 28.13 27.82 27.15 30.49 30.34 29.95 30.34 30.25 29.95 45.06 45.06 43.06 45.06 44.43 43.06
NOH cost V/year 1.1Eþ04 8.6Eþ03 6.0Eþ03 3.2Eþ03 2.3Eþ03 1.8Eþ03 1.1Eþ04 8.6Eþ03 6.0Eþ03 3.1Eþ03 2.2Eþ03 1.8Eþ03 1.0Eþ04 8.8Eþ03 7.4Eþ03 3.3Eþ03 2.3Eþ03 1.8Eþ03
CAPEX V 1.9Eþ06 1.7Eþ06 1.5Eþ06 2.7Eþ06 2.0Eþ06 1.5Eþ06 1.9Eþ06 1.7Eþ06 1.5Eþ06 2.7Eþ06 2.0Eþ05 1.5Eþ06 1.9Eþ06 1.7Eþ06 1.5Eþ06 2.7Eþ06 2.0Eþ06 1.5Eþ06
NCF V/year 1.3Eþ05 1.8Eþ05 1.9Eþ05 1.7Eþ05 2.2Eþ05 2.4Eþ05 1.2Eþ05 1.6Eþ05 1.8Eþ05 1.6Eþ05 2.0Eþ05 2.3Eþ05 1.5Eþ04 5.3Eþ04 7.5Eþ04 4.9Eþ04 9.7Eþ04 1.2Eþ05
NPV V 1.3Eþ05 8.2Eþ05 1.2Eþ06 1.2Eþ05 1.2Eþ06 1.9Eþ06 �9.0Eþ04 6.0Eþ05 1.0Eþ06 �1.0Eþ05 1.0Eþ06 1.7Eþ06 �1.4Eþ06 �7.7Eþ05 �3.4Eþ05 �1.5Eþ06 �3.5Eþ05 3.7Eþ05
LCOH2 V/kg H2 3.11 2.70 2.46 3.13 2.50 2.13 3.26 2.84 2.59 3.26 2.62 2.25 4.10 3.66 3.42 4.09 3.40 2.98
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during peak loads with associated high carbon emissions.

3.4.2. Alkaline electrolysis (AEL) versus Proton exchange membrane
electrolysis (PEMEL)

Large variations in LCOH2 and NPV were noted depending on
what year of electricity data was used, but the following insights
apply in general. The increasing number of NOH as technology
developed did not have a significant effect on system economics. In
PEMEL, quicker ramps times offset increased NOH standby costs.
And for AEL, where NOH costs may indeed increase (energy-
intensive ramp up and hot standby) they corresponded to less than
1.5% of the total electricity purchase cost during H2 production,
with minimal effect on economic performance.

In the 2020 scenario AEL (cheaper but less efficient) resulted in a
marginally lower LCOH2 compared to PEMEL (more efficient and
more expensive) in all simulated years, but AEL NPV was approxi-
mately twice that of PEMEL due to its lower investment cost.
Therefore, AEL is a better technology choice pre-2020. Thanks to
technological improvements leading to higher flexibility and effi-
ciency, future bid prices can be decreased (to minimize LCOH2),
resulting in lower electricity purchase cost for both AEL and PEMEL.
In particular, innovations such as thinner membranes, reduction in
titanium use and improved electrode coating, will result in lower
CAPEX and higher efficiency for PEMEL [12]. In 2030, AEL is
modelled with half the ramp up time, allowing the operation to be
more flexible to harvest less expensive electricity, resulting in
lower average price paid. However, by 2030 PEMEL will outcom-
pete AEL in all economic indicators with around 7.5% lower H2
production costs. In fact, by examining values of LCOH2 and NPV for
2020 and 2030, it was possible to infer that between 2021 and 2025
PEMEL would give lower H2 production costs in all scenarios (see
appendix 3 Fig. 3A and Fig. 3B). Therefore, PEMEL is clearly a better
technology choice after 2025, possibly as early as 2021.

Further improvements between 2030 and 2040 serve to in-
crease system profitability (NPV) thanks to reductions in CAPEX, in
particular for PEMEL technology [12,16,31]. Shorter ramp up times
mean PtX systems operate more flexibly, allowing for lower bid
prices with 2040 electricity cost on average 5% lower than in 2030.
In combination with lower CAPEX and higher efficiencies, H2 pro-
duction costs could be reduced on average 6% for AEL and 13% for
PEMEL from 2030 to 2040. PEMEL remains the better choice in
2040 as its CAPEX will be similar to AEL, with better technical
performance resulting in 12% lower H2 production costs than AEL.

3.5. Applications of PIO or PDO

The ability of electrolysers to ramp-up/down to enable higher
shares of VRE has been discussed in literature as a key reason to
integrate PtX into electricity systems [10,25,27,41]. Due to the
higher capacity factor of PDO compared to PIO, PDO aids balancing
the grid to a lesser extent, consuming electricity at times of high
demand. Though the benefits in terms of balancing the grid are
largely dependent on the regional electricity mix, PIO is more likely
to consume lower carbon andmore difficult to manage energy than
PDO [26].

A PIO bidding strategy though would be more useful for prac-
tical applications when the goal is to meet specific requirements of
a consumer (i.e. production on demand). In this case, no matter
what the electricity prices at the spot market would be, the pro-
ducer would be bound to a contract securing the delivery of a
certain amount of H2, otherwise penalties for not delivering could
apply. Even though with a PDO bidding strategy potential lower
LCOH2 could be achieved, it would be more difficult to control the
carbon intensity of the H2 produced, to operate the electrolyzer in
real-time and to meet specific requirements of the demand. The
latter could negatively influence the economics of the process since
the PtX system would eventually need a larger storage capacity,
which in turn would increase CAPEX reducing the competitiveness
of PDO over PIO. Optimization of this strategy (including the sea-
sonal operating schedule) may be the subject of future work.

To demonstrate how PIO could be used in a practical case study,
the seasonal operating schedule used previously were kept while
the bid price was set up to the maximum allowed at Nord Pool
(3000 V/MWh). Under such conditions the model was ran for AEL
with electricity market data of 2018 in the 2020 technological
scenario (Fig. 7). When the maximum price willing to be paid
reaches that level, it is the seasonal operating schedule that
essentially control the number of hours per day purchased in PIO.
Thus, at times of high load in the system (e.g. winter), this bidding
strategy limits H2 production to the demand of a potential con-
sumer (in this case equivalent to 12 h of production per day). When
the load in the system is reduced, additional hours per day of H2
production are allowed (e.g. 18 h in spring/fall and 24 h in summer)
and it is sold on the spot market (e.g. natural gas grid injection)
[42,43]. This strategy controls H2 production at peak loads to assist
grid balance as well as the carbon intensity of the produced H2. In
addition, by producing H2 not only to fulfil the captive demand
(equivalent to 12 h/day) but also on a seasonal basis (when the load
in the system is lower), the number of run hours of the plant in-
creases, resulting in a better economic performance of the PtX
system as previously discussed.

Furthermore, the dynamics of electrolyser operation confirmed
that the bidding strategy worked well in avoiding the purchase of
expensive electricity as highlighted in March and May (dotted
area). However, possibilities for optimization were also found. For
instance, in January the load in the system is as high as in December
but the average prices were markedly different, suggesting that
from the economic point of view the electrolyser could have been
operatedmore than 12h/day in January. This difference is explained
by the severe drought which occurred throughout 2018 and
affected the highly hydropower dependent Swedish electrical
market. In fact, hydropower reserves were found to be 16% lower
between August and October in comparison to the average of the
previous 3 years at the same period [35]. Thus, this also led to
average electricity prices in fall to be higher than spring.

3.6. Effect of strategies on the carbon intensity of the H2 produced

In advance of fully renewable electricity grids the carbon in-
tensity of the electricity consumed and hence, the H2 produced
depends on many factors. Although it is not explicitly modelled or
calculated in this work, previous studies have addressed this
question and their insights can be applied to the results here. For
instance, McDonagh et al. (2018) used a “Bid price method” to
control the carbon intensity and cost of H2 produced from grid
electricity, similar to what is examined in the present study. They
found that by avoiding consuming electricity during high system
marginal price, it significantly reduced the carbon intensity of the
H2 produced and that higher capacity factors were associated with
greater carbon intensity. This effect was said to increase with
increasing shares of VRE. The results of the present study show that
PIO best avoided consuming high cost electricity which is often
associated in many energy systemswith fossil fuel fired plants used
to balance the grid [44]. In Sweden, where grid balance is primarily
provided by hydropower production, such benefits of PIO strategy
may also occur, however, due to a different reason. In this case,
cogeneration plants based on fossil fuel are more often operated
during colder months to provide district heating as well as elec-
tricity, increasing carbon intensity of the electricity grid in winter
time. Thus, the PIO strategy with seasonal operational schedule



Fig. 7. Dynamics of alkaline electrolyser (AEL) operation with price independent order (PIO) simulated in 2018 for 2020 technological scenario.
Note:
The bid price was set-up in 3000 V/MWh to guarantee a minimum of 12 h of H2 production per day.
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used in the present study would likely to result in H2 production
with less carbon emissions associated compared to PDO. Further-
more, the lower capacity factor of PIO compared to PDO also
demonstrates that PIO does not contribute to demand during times
of low VRE production to the same extent as PDO, exemplified by
the 2018 drought conditions tested. PIO also focused on producing
according to demand and thus, was less likely to overconsume
electricity as proposed in PDO. In electricity systems where peak
demand is also provided by renewables this point becomes less
important for carbon intensity but is still significant in terms of
operating as efficient a system as possible.

The energy penalty for cold/warm start was six times higher for
PIO than PDO but is still relatively insignificant as a share of total
consumption. This energy penalty is set to decrease substantially
over time too, especially in the event that PEM becomes the
dominant technology and as such does not dictate the choice be-
tween PDO and PIO. Therefore, the choice between PDO and PIO is a
complex mix of economic and environmental sustainability, and
largely depends on the electricity generation mix.

3.7. Summary for policymakers

H2 is a flexible energy carrier and/or valuable chemical that can
displace fossil fuels. In terms of mitigation of carbon emissions, it is
desirable that it is developed, however, policymakers should take
care not to create perverse incentives when looking to support its
use. The results within demonstrate that there may be a conflict in
operating electrolysers to minimize LCOH2 while maintaining
positive environmental benefits and improving electrical grid
management (Section 3.6). The authors suggest that when in-
centives are being designed, priority should be given to H2 pro-
duction facilities that support the integration of VRE by turning on
and off to help balance the grid, perhaps through a capacity pay-
ment similar to those seen for flexible electricity generation [45].
Otherwise any incentive should be capped to avoid running elec-
trolysers at capacity factors that will mean fossil fuel derived
electricity must be consumed. Exploration of such incentive
structures will form part of our future research.

4. Conclusion

This study showed that the hourly electricity prices can signif-
icantly vary within different years in Sweden, greatly affecting the
profitability of H2 production in power-to-X systems. In order to
control costs with electricity purchase from the spot market, two
bidding strategies applicable to a day-ahead scheme were devel-
oped for comparison (i.e. with and without price forecasting). By
forecasting prices, the purchase of high cost electricity was avoided,
but it could not improve the economic performance compared to
the bidding strategy based on a fixed bid price. This was due to the
fact that with price forecasting the purchase was limited at times of
high load in the systemwhich in turn resulted in a lesser number of
run hours. Regardless of its limitations to provide higher profit-
ability, the bidding strategy based on price forecasting adapted well
to years with unexpected variations in spot prices. Also, this bid-
ding strategy was demonstrated in a practical case study to meet
the delivery requirements of a captive consumer while controlling
the carbon intensity of the H2 produced.
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By investigating the dynamics of electrolyser operationwith real
electricity market data we found that the energy consumption
during idle time, i.e. cold/hot standbymode and to bring the system
into service, did not greatly affect the economic performance of PtX
systems. Thus, this reinforcing the price paid for the electricity and
the number of run hours as the main aspects influencing the eco-
nomics of PtX systems.

Analyses of net present value and levelised cost of H2 showed
that proton exchange membrane electrolysis will outcompete
alkaline electrolysis no later than 2025, possibly as early as 2021, no
matter the bidding strategy used.
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Appendix 2. Costs of AEL and PEMEL over time
Table 2A
Capital expenditures (CAPEX), balance of the plant (BoP) and operational expenditures (OPEX) for different technological scenarios.

Costs based on different technologies 2020 2030 2040

AEL CAPEX (V/kWel) 830 730 640
BoP 0.2 0.2 0.2
OPEX 0.04 0.032 0.03
Replacement 0.3 0.3 0.3

PEMEL CAPEX (V/kWel) 1130 800 570
BoP 0.15 0.15 0.15
OPEX 0.04 0.032 0.03
Replacement 0.4 0.4 0.4

Note:
CAPEX includes compression at 500 bar.
All values obtained from Ref. [12,16,31].
Appendix 3. LCOH2 of AEL and PEMEL over time

Fig. 3A. Change in LCOH2 for AEL and PEMEL between 2020 and 2040 for PIO using
2016 electricity market data. Dashed line indicates point at which line cross.

Fig. 3B. Change in LCOH2 for AEL and PEMEL between 2020 and 2040 for PDO using
2017 electricity market data. Dashed line indicates point at which lines cross.
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