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s flexibility and imperfect
forecasting on the operation and design of Haber–
Bosch green ammonia†

Nicholas Salmon and René Bañares-Alcántara *

Green ammonia is a promising energy storage vector which can provide back-up power when variable

renewable energy sources (VREs) are not generating. However, it is generally agreed in the literature that

the limited flexibility of the Haber–Bosch process required for ammonia synthesis increases its

production cost. We assess the truth of this claim using two methods: firstly, a perfect forecasting design

model based on Linear Programming (LP); and secondly, a model predictive control (MPC) approach

which can estimate how the plant will operate with finite weather forecast information. This MPC

approach is the first in the literature to demonstrate how islanded green ammonia plants can be

operated without perfect forecasting. The LP approach demonstrates that, from a design perspective,

there are diminishing marginal returns from improving HB flexibility; by 2050, there will be almost no

benefit associated with reducing the HB MOR below 60%. The MPC approach supports this claim at

a solar-dominated sites; however, at wind-dominated sites, the inability to perform long-distance

forecasting means flexibility is an important lever for the plant to operate robustly.
Sustainability spotlight

Green ammonia is a liquid fuel which holds signicant promise for decarbonising fertilisers, the maritime industry, and long-term energy storage; it is also well
placed as a transport vector for green hydrogen. This research describes important techniques which need to be adopted in order to design green ammonia
production affordably and sustainably; these techniques validate previously untested methods from the literature for plant design, and present a strategy for
optimal plant operation. Ultimately, adopting these techniques will make this clean fuel cheaper. In doing so, the article advances our progress towards the UN
SDG Goal 7 (affordable and clean energy), as well as Goal 13 (climate action).
1 Introduction

As the world decarbonises, variable renewable energy (VRE) will
need to be stored to meet demand during periods of low
production.1 Chemical vectors such as green hydrogen,
ammonia and methanol will play an important role in the
overall mix of these technologies, offering reasonably priced
storage on a months-to-years timescale,2 and the ability to
transport renewable energy between resource-rich and resource-
poor areas.3 Green ammonia has particular promise: it is more
energetically dense on a volumetric basis than green hydrogen,
and it does not require a carbon source for production (unlike
synthetic hydrocarbons).4 The process of ammonia synthesis
using the Haber–Bosch (HB) process is very well understood,
having been in large scale use for over a century.5
ing Science, Parks Road, Oxford, OX1 3PJ,

tion (ESI) available. See DOI:

the Royal Society of Chemistry
Despite its advantages, a major challenge for the industri-
alisation of green ammonia production is the partial inexi-
bility of the HB process. Using current technology, these plants
will not be able to be switched off quickly. This has not affected
production in the past, since conventional HB synthesis
processes usually operate continuously at maximum rate (to
extract the most benet from the capital investment). However,
green HB plants are unlikely to operate at their rated capacity at
all times, and will instead adjust their production based on the
current availability of VRE.6

This poses signicant challenges for both the plant designer
and the plant operator. The designer must install back-up
energy storage technologies for periods of time when renew-
able power is not available,7 potentially at high costs; mean-
while, the operator must decide when to deploy those
technologies, and when to cut production in order to maintain
the storage inventory, despite having limited forecast informa-
tion about future VRE generation.8 These factors are generally
agreed to be responsible for increasing the cost of ammonia
production.7,9,10 The purpose of this article is to assess precisely
how inexibility in the HB process impacts green ammonia
RSC Sustainability, 2023, 1, 923–937 | 923
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plant design and operation, including consideration of the
impacts of imperfect forecasting.
2 Methodology

This article adopts two methods for assessing the role of exi-
bility in green ammonia plants: Linear Programming (LP) for
plant design, and Model Predictive Control (MPC) for plant
operation. The former approach has been adopted in other
analyses of green ammonia production,11–15 although a modi-
cation is proposed here to determine the extent to which cycling
of storage units impacts on the ammonia price, and new
sensitivity results are presented. The latter MPC approach is
novel in its application to islanded green ammonia plants, and
places guard rails around the results offered by the LP. The
purpose of the MPC is not to design control loops which
specically determine the operating parameters of the
ammonia plant (temperatures, pressures, feed ratios, etc.);
rather, the MPC's purpose is to function as an algorithm which
determines the set-point of the ammonia plant. In other words,
the MPC presented here is analogous to the primary loop in
a cascade-control arrangement, dictating the power allocation
and ammonia production. For both models, weather data is
sourced from ERA5, and converted into wind and solar data
using a standard turbine curve13 and the PVLib module on
Python.16

There are a number of emerging technologies for producing
green ammonia, such as direct electrochemical synthesis,5 and
photochemical production.17 Rather than adopting those tech-
nologies, this article focusses on ammonia produced through
using conventional HB synthesis for two reasons. Firstly,
because emerging green ammonia projects globally, such as the
Asian Renewable Energy Hub18 are targeting operation before
2030, and are therefore likely to rely on established technologies
like HB. The development of operating strategies such as MPC
that are applicable to green ammonia is therefore most pressing
where HB is the synthesis process. Secondly, as new non-HB
technologies advance, they will increasingly become more ex-
ible, and will require less capital investment; if they overtake HB
as the preferred synthesis technique, it will be because these
traits enable ammonia production at lower costs. Therefore
considering HB as the base-case for analysis provides the most
conservative estimate of project cost.
2.1 Design approach

The design approach adopted for the ammonia plant uses
a linear program to minimise the levelised cost of ammonia
(which is the price at which ammonia must be sold in order to
achieve a NPV of zero at the nominated discount rate). The
model takes the renewable weather prole in a given location,
and uses it to optimise the relative size of the plant equipment,
which includes: xed-axis solar panels, single-axis tracking
solar panels, wind turbines, electrolysers, HB plants (including
air separation), fuel cells, batteries, and hydrogen storage, as
described in detail in earlier publications from the authors.13,19

Using an LP approach to design large plants is suitable as the
924 | RSC Sustainability, 2023, 1, 923–937
majority of equipment in the green ammonia plant is modular,
and its cost will not depend strongly on the scale of installation;
the exception is the HB plant, but even for this module, the
economies-of-scale are likely to break down at high production
rates.

The primary purpose of the LP model is to determine the
extent to which ramping and exibility impact on the ammonia
cost. The ability of ammonia plants to operate exibly is not well
understood, but is likely to be constrained.

Flexibility constraints originate from the elevated tempera-
ture at which the HB process occurs. These temperatures are
sustained by excess heat from the exothermic reaction; if
production slows excessively, heat loss will exceed heat gener-
ation and the reaction will be quenched. Thermal expansion on
start-up and shut-down has a damaging impact on equipment
and catalysts, and therefore frequent cycling between an oper-
ating and quenched state is not possible. In order to prevent
temperature hot spots inside the adiabatic catalyst bed reactors,
rapid ramping of the production rate is also not generally
considered practical.10,20 While technical solutions are
emerging using innovative reactor designs,21 it is not likely that
the HB process will be able to match its own operation to that of
a variable renewable energy plant. The purpose of this article is
not to determine the reactor designs and conditions which will
best enable process exibility; rather, it is to provide a techno-
economic analysis which assesses whether these designs are
benecial in the rst instance.

In order to meaningfully assess the role of plant exibility,
a large number of locations need to be considered, as the
optimum plant design is highly dependent on the local weather
prole. For that reason, 421 onshore sites were selected to
analyse ramping and exibility. The sites have a range of
weather proles and a range of latitudes (from 5°, near the
equator, to 59°).

At each location, the model is solved under 13 different
conditions: there are four different minimum operating rates
(MORs) (20%, 40%, 60% and 80%) and three ramp rate factors
(0.1, 1, and 10; these factors are applied to the base upward and
downward rates of 5% and 20% respectively). The thirteenth
case is an entirely inexible plant, which operates continuously
at 100% (in which instance consideration of ramping rates is
obviously meaningless). The model is solved using costs for
2022 and for 2050; because of the rapidly falling prices of
batteries and solar PV, future electrolyser plants will be differ-
ently designed and therefore may respond differently to exi-
bility limitations. Present costs of equipment were taken from
IRENA22,23 and from Nayak-Luke et al.24 Future costs were esti-
mated using Way et al.,25 who use a stochastic approach to
determining cost forecasts, historical analysis of which has
demonstrated to be highly accurate.

2.1.1 Cycling constraint methodology. This research
extends on the general LP approach by including constraints on
the frequency with which storage units can cycle. These
constraints are necessary, as real energy storage units (partic-
ularly batteries) degrade at increased rates if they are cycled at
high frequency. Cycling energy storage equipment in place of
ramping the ammonia plant could mask the potential benets
© 2023 The Author(s). Published by the Royal Society of Chemistry
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of a exible plant. Battery degradation can be categorized as
calendar aging (which occurs inevitably over time) or cycling
aging. The LP model is adjusted to account for the two forms of
aging.

Calendar aging, and cycling aging in normal use, is incor-
porated in two ways: rstly, by accounting for equipment
replacement costs, and secondly, by adjusting equipment effi-
ciencies. Equipment replacement costs are accounted for by
applying higher Operating and Maintenance (O&M) costs to
units subject to degradation (i.e. assuming the replacement is
carried out on a rolling basis, rather than en masse when
equipment reaches end of life, although the impacts on NPV are
the same). In previous published versions of the model, O&M
has been set at a at rate of 2% for all equipment; in this
version, increased costs are applied to equipment subject to the
degradation of the electrolysers, fuel cells and batteries.
Because their membranes require replacement approximately
every 50 000 operating hours, electrolysers and fuel cells are
subject to a 3% O&M fraction, of which 1% would be allocated
to annual operating costs (i.e. labour, insurance, etc.), and the
remaining 2% would be allocated to membrane replacement.
This has roughly the same impact on the NPV as reinvesting
one-third of the electrolyser CAPEX every decade into
membrane replacement at the nominated discount rate of 7%
(i.e. if a plant were to replace all the membranes at once, rather
than on a rolling basis). Meanwhile, batteries have compara-
tively short life spans (maximum 10 years) compared to the
project as a whole (30 years); their O&M fraction is set at 3.5%.
To again compare this annual maintenance cost with a decen-
nial replacement of all the batteries, this is roughly equivalent
to reinvesting half the CAPEX every decade (since only the
battery itself needs to be re-installed; other components such as
balance of plant electrical equipment do not). Equipment effi-
ciencies are also adjusted to represent some degree of degra-
dation; electrolyser efficiency for 2022 is set to 53 kW h kg−1,
which is below the best market performance for a new electro-
lyser26 but includes a 3.5% degradation rate.27 For 2050, supe-
rior performance of 46 kW h kg−1 is assumed, which
incorporates both overall improvements and a reduction in
degradation rate.28 Battery charging/discharging efficiency is set
at 95% for similar reasons.29

Having accounted for the costs of calendar aging and
a standard amount of cycling aging, the model then imposes
constraints which prevent high frequency usage from degrading
the batteries faster than anticipated. There are a number of
metrics for battery usage that can impact the rate of degrada-
tion.29 We focus on two of these degradation metrics: total
accumulated charge and depth of discharge. These parameters
are related to each other: batteries which completely discharge
on each cycle require replacement aer around 6000 cycles;30

assuming a ten-year replacement cycle, this allows slightly less
than 2 cycles per day. We assume a worst case scenario in which
each cycle completely discharges, and limit the number of
cycles using three constraints:

l(SC,t) $ l(SC,t − 1) + (k(SC,t) − k(SC,t − 1)), ct ˛ St (1)
© 2023 The Author(s). Published by the Royal Society of Chemistry
l(SC,t) $ l(SC,t − 1), ct ˛ St (2)

l(SC,tfinal) # GCL(SC) × CSC(SC) (3)

Eqn (1) and (2) count the total amount of charge which has
owed into the storage component (l) as a function of time. If
the state of charge of the storage component (k) has increased
(i.e. it is charging), then l increases by that amount. If the
equipment is discharging, then eqn (1) is inactive, but l is
prevented from decreasing by eqn (2). l(0) is set to 0. The total
number of cycles is constrained by eqn (3), in which the charge
accumulation in the nal time step (tnal) must be less than the
total allowable number of cycles (GCL), scaled according to the
capacity of the storage component (CSC).

Although battery cycling is far more widely discussed in the
literature, hydrogen stores may also degrade under cycling. The
extent to which degradation occurs will depend on the mode of
storage. Pressure vessels should be robust to cycling within
design limits, but the integrity of salt caverns may degrade if
they are subject to rapid and frequent pressure uctuation,31

and hydrogen storage by adsorption onto alloys is known to
degrade with cycling.32 We therefore include hydrogen storage
cycling limits in order to understand how much they impact
ammonia production costs.
2.2 Operating approach

A limitation of the design model, particularly from the
perspective of operational exibility, is that the design model
operates with perfect forecasting across an entire year of data.
This may enable them to operate safely through extended
periods of poor renewable energy generation (so-called “dun-
kelaute”) by curtailing ammonia production and prioritising
hydrogen storage well before those dunkelaute would have
been visible to forecasters. On the ipside, they may discharge
storage components completely with high frequency, knowing
that they can be recharged in the near future; real plant oper-
ators may be less willing to do so with imperfect information.

In the context of operating with imperfect forecasting, plant
exibility is important. A completely exible plant which can
ramp rapidly will be able to operate without risk of equipment
damage or failure by determining the operating state solely
based on the current energy availability. As plants become
increasingly inexible (both in the sense of ramping and the
MOR), the further in advance of dunkelaute they need to begin
to adjust operation by winding down the HB plant to charge
storage inventories.

There have been relatively few studies into the operation of
green ammonia plants with a xed design and nite forecasting
information. Previous work from the authors has considered
the role of changing the design year of weather data input to the
LP model at a given location,19,33 describing how operation
changed and plant design was adjusted. However, this work did
not consider the role of uncertain forecasting. Similarly, Ver-
leysen et al.34 also considered the role of uncertainty in
changing design, although this work applied an uncertainty to
wind inputs to determine a relationship between plant
RSC Sustainability, 2023, 1, 923–937 | 925
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oversizing and robustness. Kelley et al.35 examined the role of
ammonia plants in providing a demand response service,
looking at process chemistry to determine if a grid-connected
plant could ramp down quickly in response to high prices,
although this was not focussed on using weather forecast
information. Allman and Daoutidis36 adopted a rolling optimi-
sation forecast to determine the operating state of their plant –
this is similar to the MPC approach described here. However,
they considered a grid-connected plant, which is simpler to
operate since the inventories in the batteries and hydrogen
storage do not need to be so carefully managed to account for
dunkelaute. Of the existing body of literature describing green
ammonia, the authors are aware of none which considers solar
PV, wind, batteries and fuel cells, and which considers the
interplay between realistic plant operation and optimal plant
design.

This research is better developed in the power-to-hydrogen
space, although the control problem in that context is simpler
since the largest complexity in ammonia production is the
inexibility of the HB process. In power-to-hydrogen, Model
Predictive Controllers (MPCs)37 have been widely discussed as
a possible approach to optimising plant operation given limited
forecast information, and the same technique is adopted here.
MPCs have been widely adopted for the operation of chemical
processes globally, and are considered a useful tool for handling
problems pertaining to variable operability.38

MPCs use an internal model to predict the behaviour of the
plant over that time horizon. At each time step, they optimise
the operation of the plant according to an objective function,
and subject to constraints on the controlled variables and the
state of the plant. The model takes the rst step along the
optimum path it has determined, and then re-evaluates a new
optimum path and begins to progress along it. Here, the
external disturbance is the varying weather pattern, and we
consider the time horizon in the model to be equivalent to the
forecast duration.

Fig. 1 explains the operation of the MPC model in this
context. A year of weather data is used to determine an optimum
design of the plant at a given location using the LP. The plant
design creates the constraints on the MPCmodel, by setting the
upper and lower bounds on the amount of power which can be
sent to the various plant components. One particularly impor-
tant constraint is the HB MOR, which is not necessarily the
same between the LP and the MPC (see Section 3.2.1). Where we
provide the LPmodel with a full year of weather data, theMPC is
only provided with n hours at each time step, where n is the
forecast horizon and takes values of 12, 24 and 48 in this
analysis. The optimiser determines at each time step the
optimum operating rate of each piece of equipment, which in
turn determines the ammonia production; the plant state is
then sent back to the optimiser, as it interacts with the
constraints and the new weather pattern that emerges in the
next time step. In general in this analysis, we use the same year
of weather data for the LP and MPC models so they can be
directly compared; however, in Section 3.4 we consider the
impacts of using a weather dataset which spans a much greater
926 | RSC Sustainability, 2023, 1, 923–937
time period for the MPC model than was provided to the LP
model.

The MPC is implemented using the Python module Do-
MPC,39 which modularises the process of building an MPC into
a series of simple processes. The rst process is constructing
a model of plant operation, including state variables, model
inputs and rate equations. Four state variables are considered:
(i) the amount of hydrogen stored (xH); (ii) the amount of power
stored in the battery (xB); (iii) the amount of ammonia produced
in a given time step (xA); and (iv) the amount of electricity cur-
tailed in a given time step (xC). These are dictated by the total
renewable energy available to the plant at a given time (a) as
well as ve inputs, which are controlled by the MPC: (i) the
power to the electrolyser (pE); (ii) the power to the HB plant
(pHB); (iii) the power to the battery (bin); (iv) the power from the
battery (bout); and (v) the power generated by the fuel cell (g).

The inputs and disturbances are related to the states
according to:

xHðtÞ ¼ xHðt� 1Þ þ pEðtÞhE � ghFC � 3

17
pHBðtÞhHB (4)

xB(t) = [1 − 3B]xB(t − 1) + hBbin(t) − bout(t) (5)

xA(t) = pHB(t)hHB (6)

xC(t) = a(t) + g(t) + bout(t) − pE(t) − pHB(t) − bin(t) (7)

Eqn (4) and (5) are simple balance equations over the
hydrogen storage and the battery storage respectively. hE and hB

are the efficiencies of the electrolyser and battery, respectively;
the same values are used in the MPC case as were used for the
LP design model. In the case of the hydrogen, the state of the
storage unit is given by the storage from the previous time step,
plus any inows from electrolyser production, minus outows
to the fuel cell or to the HB plant. The outows to the HB plant
are determined from the power consumption converted into
tons of ammonia using the efficiency, and then into tons of
hydrogen using the reaction stoichiometry. The battery equa-
tion is the same in principle, except a self discharge factor 3B is
included to display the gradual reduction in battery capacity.
For the battery, the energy losses are imposed on the charging
power as it enters the storage unit. Eqn (6) and (7) are then
simple instantaneous balances over ammonia production and
power respectively.

This model construction provides enough information for
the plant to predict future behaviour. The MPC then needs to be
provided with direction under an objective function and
constraints to determine the operating process.

The objective function is given by:

P ¼
Xn�1

t¼1

h
xAðtÞ � kR½xAðtÞ � xAðt� 1Þ�2

i
þ xAðnÞ þ kHxHðnÞ

þ kBxBðnÞ (8)

The goal of the MPC is to maximise P, the objective variable.
This broadly corresponds to maximising the total amount of
© 2023 The Author(s). Published by the Royal Society of Chemistry
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Fig. 1 A flowchart showing the relationship of the MPC and LP models, and how they import data. Solid lines represent information that flows
before the MPC solution commences. Dotted lines represent information that flows at each time step. Input weather data is used in the LPmodel
to determine a suitable plant design, subject to a design value of the HB minimum operating rate (HB MOR). The MPC controller then operates
the plant. It uses a different value for the HBMOR (which enables more flexible operation); however, it only receives a limited horizon of weather
data. MPC tuning parameters determine the relative weight applied to the model maximising ammonia production or managing the inventory of
intermediate stored energy.

Paper RSC Sustainability

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 2

4 
A

pr
il 

20
23

. D
ow

nl
oa

de
d 

on
 1

1/
19

/2
02

5 
11

:4
0:

19
 P

M
. 

 T
hi

s 
ar

tic
le

 is
 li

ce
ns

ed
 u

nd
er

 a
 C

re
at

iv
e 

C
om

m
on

s 
A

ttr
ib

ut
io

n-
N

on
C

om
m

er
ci

al
 3

.0
 U

np
or

te
d 

L
ic

en
ce

.
View Article Online
ammonia produced over the time horizon n, which is given by
the rst term inside the summation, and the rst term outside
the summation.

Three penalties need then to be imposed upon the optimi-
sation model to ensure it acts as intended. The rst is a penalty
on ramping the ammonia plant, given by the quadratic term
inside the summation, which is scaled by the tuning parameter
kR. Without this term, the HB plant will change its operating
rate signicantly in each step; as kR grows, the rate of change of
the HB plant is increasingly penalised. Because this penalty is
quadratic, the model will prioritise slow ramping over sudden
large steps, which is reective of the slow ramping needed by
the HB synloop. The second and third penalties are for
depleting the storage inventories, which is represented by the
nal two terms, scaled by the tuning parameters kH (for
hydrogen storage) and kB (for battery storage). In the absence of
these terms, the model will attempt to maximise the ammonia
produced at the expense of the storage inventories, which it will
oen plan to drain over the time horizon (since the low
production or plant failure in the subsequent time horizon does
not impact the optimisation). The parameters kH and kB are
tuned depending on operator risk tolerance; as they grow, the
plant is less likely to fail, because it will prioritise keeping the
© 2023 The Author(s). Published by the Royal Society of Chemistry
storage inventories full; however, doing so comes at the cost of
ammonia production. To simplify the sensitivity modelling, the
value of these parameters are set to be equal for this analysis,
but specic tuning could be done on a site-by-site basis.

The MPC is constrained by the same limitations as the LP
model. In general, these constrain all states and inputs to be
greater than 0, and less than the capacity of the equipment in
the pre-designed plant. The additional constraint is on the
Haber–Bosch plant, which must maintain a MOR, which is
measured as a fraction of the plant design size. The specic
MOR is varied across different analyses in this research. The
explicit constraint on plant ramping from the LP is removed;
this is achieved by the ramping parameter kR described in the
previous paragraph.
3 Results and discussion
3.1 Plant design

3.1.1 Impact of minimum operating rate. The results for
the plant design cases are shown in Fig. 2; note this gure does
not include cycling limits, which are incorporated in the
subsequent section.
RSC Sustainability, 2023, 1, 923–937 | 927
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Fig. 2 Plot of relationship between Haber–Bosch minimum operating rate (HB MOR) and LCOA for 2022 (top) and 2050 (bottom), for the
average site (orange) and the top ten performing sites (blue). In general, a lower HBMOR translates into a lower LCOA, although this effect is only
pronounced at MORs between 0.6 and 1; the effect is small at MORs less than 0.5. The effect is also smaller in 2050 than in the present day.
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The most important observation in the gure is that there
are diminishingmarginal returns on increasing plant exibility.
In both 2022 and 2050, reducing the HB MOR from 60% to 20%
achieves only one quarter of the cost reduction of reducing the
HB MOR from 100% to 60% (for the average cases). For the
cheapest sites in 2050, the results are even more stark, with
almost no benet gained whatsoever from reducing the HB
MOR below 60% of rated capacity.

This is predominantly because the ammonia plant repre-
sents a signicant capital expense, but its power draw is
comparatively small. That means that the plant, for most of the
year, receives relatively little benet from turning down the
ammonia plant to very low operating rates, since it can sustain
operation using the battery and hydrogen storage units (and it is
preferable to exploit the capital expense of that equipment to
the greatest load factor possible). This may cause the state of
charge in the batteries and hydrogen storage to cycle more
(compared to a case in which the HB operating rate could be
turned down further), but does not signicantly increase their
size. Therefore the increase in costs is fairly small, as there is no
limit on cycling imposed in this section. The effect is even more
pronounced in 2050, because solar electricity and battery
storage are expected to fall in price so signicantly, whereas the
CAPEX of the ammonia plant is likely to remain fairly steady.

The overall process can operate the HB plant at high rates for
most of the year by cycling the battery and hydrogen storage;
this only becomes challenging during the deepest dunkelaute.
The model sustains the HB MOR through this period either by:
928 | RSC Sustainability, 2023, 1, 923–937
(i) turning down the HB plant, (ii) increasing the size of energy
storage equipment, or (iii) increasing the extent to which the
renewable power generation is oversized. The results indicate
that the benets which accrue from using the lever of ammonia
plant capacity tail off below 60% of the rated capacity, and that
the model can adopt other strategies without signicantly
increasing cost.

Although there is some benet to increasing plant exibility,
it is not as large as potential other sources of improvement to
the plant. Firstly, site selection is evidently of great importance;
in both 2022 and 2050, a completely inexible site in the top 10
locations is roughly equivalent in performance to a highly
exible site in an average location. Secondly, potential
improvements in equipment performance are bigger drivers of
cost reduction than plant exibility. In 2022, the largest
improvement in ammonia cost with plant exibility is in the
order of 30%, but this falls to around 10% for the high quality
sites in 2050. In contrast, equipment improvements unlock
price reductions in the order of 50%. This suggests that, as long
as Haber–Bosch production is partially exible (down to a level
of say, 60%), additional capital investment in more expensive
but more exible technologies (e.g. electrochemical ammonia
synthesis) may not be justied.

A nal relevant observation is that the impact of ramping
rate on plant costs is small. In the low ramping cases, the plant
ramps down at 2% per hour, and up at just 0.5% per hour;
despite this quite signicant constraint, the impact on plant
performance is around 15 USD per tonne on average in 2022,
© 2023 The Author(s). Published by the Royal Society of Chemistry
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and less in 2050, and only impacts results meaningfully when
the plant has an MOR close to 1.

3.1.2 Cycling limits. Fig. 3 shows the relationship between
the LCOA and the plant exibility when different penalties on
cycling are imposed. As for the previous section, costs are
shown at both the average sites and the top 10 sites.

The most important observation in Fig. 3 is that cycling
limitations are not likely to impact on the performance of
ammonia plants at any degree of exibility. The constraint has
no impact on the LCOA when one or more cycles per day is
allowed, which is well within the plausible operation of normal
energy storage equipment. Even when only half a cycle per day is
allowed, the impact on the LCOA is fairly minor (i.e. <5%).

The impacts in 2022 are particularly small because back-up
power in 2022 is dominated by fuel cells. The LP model
predicts that fuel cells are preferable in the short term because,
compared to batteries, fuel cells connected to hydrogen storage
have high power costs but relatively low stored energy costs (i.e.
each additional MW of back-up power from a fuel-cell costs
more than each additional MW from a battery, but each addi-
tional MWh of hydrogen storage is cheaper than each addi-
tional MWh of battery storage). Because the power demand of
the HB plant at its MOR is a small fraction of the total power
supplied around the plant, typically it is more costly to meet the
energy storage requirements than the back-up power require-
ments, so the model opts for a fuel cell. Energy for the cases in
2022 therefore comes from cycling hydrogen storage, rather
than batteries; this hydrogen storage can typically store enough
energy for several days worth of production at the HBMOR, so it
Fig. 3 Plot of relationship between Haber–Boschminimumoperating rat
(bottom). Different line styles show the impact of different battery cycle l
only observed in 2050 for very tight (less than 1/2 a cycle per day) limits

© 2023 The Author(s). Published by the Royal Society of Chemistry
rarely needs to cycle quickly. In 2050, fuel cells are used less
widely because the cost forecasting indicates that energy
storage in batteries will become substantially cheaper.

The cycling limitations tend to impact the HB plants which
aremore exible, which is somewhat surprising, since cycling of
the ammonia plant should reduce the need to cycle energy
storage equipment. There are two factors which are responsible
for this result; they are summarised in Fig. 4.

The rst factor causing increased cycling of the battery in
exible plants in 2050 is a change in operating strategy over
time. In 2022, the energy storage equipment is rated only to
sustain operation of the HB plant; in the case of the top 10 sites,
the back-up power capacity is almost exactly equal to the power
draw of the HB plant at its minimum rate (i.e. in panel (a), the
top-ten sites sit exactly on the x-y line). At the average sites, the
total back-up power is slightly larger than the MOR. This is
caused by the inability of the HB plant to ramp down sufficiently
quickly.

By contrast, the back-up power in 2050 is signicantly larger
than the whole HB plant. Clearly, the role of back-up power in
these plants is more than solely operating the HB plant during
periods of low VRE output (if it were, the back-up power capacity
would never exceed the power demand of the HB plant); it is
partially to power the electrolyser. When the batteries are
powering the electrolyser as well as the HB plant, they will tend
to charge and discharge more frequently to maximise the
amount of hydrogen produced. This change in behaviour is
driven by the rapid fall in the cost of batteries.
e and the LCOA, including penalties on cycling, for 2022 (top) and 2050
imits. The impact of battery cycling on LCOA is very small; impacts are
on battery utilisation.
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Fig. 4 Plot of relationship between HB minimum operating rate and back-up system size. (a and b) – Left: rated capacity of back-up power in
MW, scaled by the size of the HB plant. (c and d) – Right: total energy storage capacity of the battery and hydrogen plant in MWh (the mass of
hydrogen stored is converted to energy using its HHV). Data are shown for 2022 (top) and 2050 (bottom); in 2020, the back-up power is very
similar in size to the minimum power requirement of the HB plant, whereas in 2050, the back-up power is much larger than the minimum power
requirement of the HB plant, indicating it is used for other purposes (e.g. increasing the load factor of the electrolyser).
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Prices of solar panels will also fall, which will drive ammonia
production towards Solar PV rather than wind. In a solar-driven
system, the value of charging the electrolyser from the batteries
is higher, since it otherwise sits unused during the night; in
high quality wind sites, which will typically have a higher load
factor, the electrolyser will be used more consistently. Again,
this will drive increased cycling of batteries.

The second factor causing increased cycling of storage
equipment in exible plants in 2050 is simply that the storage
equipment is smaller (see panel (d)). The total energy passing
through the storage equipment is much higher in inexible
plants, but these plants have installed so much storage that the
number of cycles remains relatively low.
930 | RSC Sustainability, 2023, 1, 923–937
3.2 Plant operation

Having designed the plants using the LP method (i.e. perfect
forecasting), this section tests their operation under imperfect
forecasting. In order to robustly consider the performance of
the MPC, three sites were chosen from the >400 considered in
the design cases. The three sites selected were chosen to offer
a range of renewable proles – one site is located in Algeria, and
has excellent solar insolation; another in the United Kingdom is
dominated by wind; a third in Morocco uses a hybrid of both.
The gures displayed in this section on operation relate to
production in 2022, when back-up energy is largely supplied by
fuel cells; the ESI† includes equivalent gures for 2050, which
demonstrates the applicability of the MPC method to batteries.
© 2023 The Author(s). Published by the Royal Society of Chemistry
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3.2.1 Oversizing approach. Because the LP design
approachminimises the size of the plant, the result is effectively
as ‘lean’ as possible. Since the operating approach does not
have total foresight, it will not be able to replicate the perfectly
lean behaviour of the optimal design, and therefore will either
(i) fail to produce the same amount of ammonia, or (ii) occa-
sionally be unable to sustain operation of the ammonia plant at
or above the target rate. Therefore, we also include consider-
ation of overdesigned plants, which will have higher upfront
costs, but are less likely to fail.

Conventionally, ‘overdesign’ of a plant would involve
applying some xed factor to each piece of equipment, with
larger factors applied to some, potentially less reliable, units. In
this context, oversizing all equipment by the same amount
would not improve reliability, since, although power generation
grows, so too will the HB plant, necessitating a higher baseline
power. Even scaling up all equipment except the HB plant is not
sensible, as some equipment is not useful for supporting the
plant during periods of low production (solar PV, for instance,
should not be scaled up to correct an imbalance that occurs at
nighttime or in winter). Instead, we design the plant using
increasingly tight limitations on HB MOR in the LP, but then
relax that constraint in the MPC, and allow the plant to operate
at a lower minimum rate. This enables the oversizing to be
concentrated on the equipment that enables exible operation.
Fig. 5 Comparison of hourly plant behaviour under in the operating mod
the LP (orange) for a hybrid site containing both wind and solar in 2022. T
a value of 0.1, and the plant has been overdesigned using a Haber–Bosch
compressed hydrogen in storage (a failure would be indicated by the s
punishes low storage inventories keeps hydrogen stored by the MPC a
a given hour; note that due to the ramping parameter, the MPC makes
energy generated from all available renewable resources. Examples for t

© 2023 The Author(s). Published by the Royal Society of Chemistry
3.2.2 Hourly result comparison. Fig. 5 compares plant
operation under an LP and an MPC scenario. For this congu-
ration, the plant design was selected by the LP with a HB MOR
of 0.4; the MPC model then tested the operation of such a plant
using a HB MOR of 0.2. The horizon is 24 hours, and the tuning
and ramping parameters are both set to 0.1. The inuence of
these parameters is discussed in the following section; these
specic values were selected because at this location under
these design conditions, it causes the LP and MPC models to
follow a broadly similar trace (which would be the target for the
tuning of the MPC).

The most important result in this gure is that it demon-
strates that a green ammonia plant can be operated using
limited forecast information without exceeding the limits of the
HB plant, provided the plant is adequately overdesigned. It is
the rst demonstration of this point for a HB plant that is not
reliant on electricity grids.

There are a number of key differences between the LP results
and the MPC results. Firstly, the MPC controller tends to store
more hydrogen than the LP optimiser. This is partially because
the overdesigned plant operated by the MPC has more hydrogen
storage available than the LP plant; however, it is also encour-
aged to keep the storage full by the tuning parameter in the
MPC optimisation function. The LP is only maximising
ammonia production and is unconcerned by the storage
e, run by the MPC controller (blue), and the design mode optimised by
he MPC time horizon is 24 hours, and both tuning parameters are set to
minimum operating rate of 0.4 (compared to 0.2 for the LP). (a) – Top:
torage level dropping below 0). Typically the tuning parameter which
bove hydrogen stored by the LP. (b) – Middle: ammonia produced in
fewer adjustments on an hourly basis than the LP. (c) – Bottom: total
he other two sites are provided in the ESI.†
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inventory; for that reason, it more frequently allows the storage
inventory to drop to 0, since it has enough forecast information
to be condent that the hydrogen storage can be relled.

Secondly, the LPmodel shows far more short-term variability
in HB operation, which is most visible on panel (b). The LP
model is constrained in how quickly it can ramp the operation
of the HB plant (up at 5% of rated capacity/hour, down at 20% of
rated capacity/hour). However, there are no limitations on how
frequently it adjusts the HB rate of operation, so it makes
changes almost at every time step. On the other hand, the MPC
is not directly constrained to limit how quickly it can ramp the
ammonia plant, but there is a general penalty for rapid ramping
imposed upon the objective function. It therefore only changes
operating rate if strictly necessary, and this results in ‘smoother’
operation, although it may sometimes surpass the ramping
limits imposed on the LP. Less frequent cycling of the HB plant
conditions reduces the risk of catalyst damage and is therefore
likely to be advantageous, although some production may be
sacriced.

3.2.3 MPC sensitivity. The previous section showed the
results of the MPC over a short period of time in order to give an
indication of how the MPC operates the plant compared to the
LP. This section considers an entire year of data, and investi-
gates the role of the MPC parameters on the annual ammonia
production. Fig. 6 demonstrates the results of changing the
forecast horizon, and the tuning and ramping parameters, on
the probability of a plant failure. Parameter values are sum-
marised in Table 1.

Firstly, the gure demonstrates that, at this location, some
plant oversizing is required in order to prevent plant failures. A
‘failure’ occurs when, given the forecast weather conditions, the
model cannot keep all the state variables within their target
bounds (i.e. a storage inventory falls below 0, the HB plant
operates below its allowable MOR, or the plant curtails a nega-
tive amount of electricity). Given the relatively short time-frame
of the input data used in this example (one year), even a single
failure would represent a plant which is inadequately robust to
weather variation. The need for oversizing differs between sites
– at the wind dominated site, with no oversizing, there are
hundreds of failures per year; this number falls to around 2 for
the hybrid site (in 2022), and the solar-dominated site can
operate without any oversizing (as can the hybrid site in 2050) –
this result is discussed further in Section 3.3.

The amount of oversizing needed falls as the forecast
horizon increases – see panel (a) – although increasing the
length of the horizon would stretch the capacity of weather
forecasters to make plausible predictions. With only 12 hours of
forecasting, the number of failures is large because the system
cannot adequately manage the storage inventory. Notably,
however, if the plant can operate without failures using only 12
hours of forecasting, then the production rate is signicantly
higher – see panel (b).

Panels (c) and (d) shed light on why this occurs – when the
tuning parameter is wound downwards, the effect is the same as
using a shorter horizon. In other words, because the 12 hour
forecast model has less information than the 24 hour version, it
is more ‘reckless’, because it has less capacity to predict the
932 | RSC Sustainability, 2023, 1, 923–937
consequences of increasing ammonia production on the
storage inventory. This is only a suitable operating mode when
the design is sufficiently oversized to guard against emptying
the storage; however, when it is effective, it enables the plant to
operate more like the LP. This emphasises the need for careful
plant tuning; ideally, the plant will occupy the mode where
production is maximised (and is essentially operating exactly as
designed), but without tipping into a failure.

Interestingly, production tends to decline as oversizing
increases. This is an artefact of the tuning parameter. As over-
sizing increases, the most signicant changes to the plant
design are to the hydrogen storage and battery capacities. The
tuning penalty term is given by the product of the tuning
parameter and the storage inventory; since the maximum value
of the storage inventory has increased, the value of the penalty
term also increases, and it therefore has more impact relative to
the ammonia production terms. Maximising ammonia
production is therefore weighted less heavily by the objective
function. The exception is the site designed to be able to operate
completely inexibly. When the LP is solved for this mode, it
oversizes components of the plant other than the storage only,
which means the impact of the tuning penalty rebalances
slightly in the other direction.

The role of the ramping parameter is less signicant – within
the range considered here, it does not affect the likelihood of
plant failures, and it has a relatively small impact on overall
production. This parameter therefore needs to be set such that
the ammonia plant ramps at an adequate rate, ideally by
introducing a cost function that depends on the impact of
catalyst cycling, so that the optimal balance can be struck
between preventing cycling and producing an adequate amount
of ammonia.

Perhaps counter-intuitively, a higher ramping penalty (i.e.
less ramping) increases the production rate. This is visible on
Fig. 6(f), although the impact is more signicant on the solar-
dominated site in Algeria (see Fig. A1†). The ramping penalty
drives up production by effectively overwhelming the tuning
penalty, and therefore incentivising the HB loop to stay at
maximum production, even if it draws down the inventory;
provided this does not lead to plant failure, it increases
production.
3.3 Actual LCOA

As is perhaps obvious, and also clear from the right-hand plots
of Fig. 6, the plant operated with imperfect forecasting will
produce less ammonia than was predicted in the design case by
the LP, because it cannot manage its storage inventory as
effectively.

TheMPC approach enables the true LCOA from each plant to
be estimated by taking the product of the optimal design LCOA,
and the ratio of the actual production and the design produc-
tion. For this section, oversizing was enforced by considering
a design case whose MOR was 20% larger than was allowed
during operation (i.e. if the LP MOR used for plant design was
60%, the MPC MOR used for plant operation was 40%). The
actual production was then determined by running the MPC
© 2023 The Author(s). Published by the Royal Society of Chemistry
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Fig. 6 Plots of the failure frequency (left) and ammonia production (right) for a wind-dominated site in 2022. Different plots show the impact of
varying different MPC parameters: forecast horizon (top), tuning parameters (middle) and ramping penalty (bottom). Each plot shows the impact
of changing overdesign – in each case, the plant was operated with a minimum HB rate of 20% of rated capacity, but was designed with tighter
constraints. Where the plant failed during operation, the design was considered untenable, and the associated production is excluded from the
plots on the right. Examples for the hybrid and solar-only sites are provided in the ESI.†

Table 1 Parameters used for sensitivity testing of the MPC

Parameter Low Base High Units

Horizon 12 24 48 Hours
Tuning 0.1 0.5 1 —
Ramp 0.05 0.1 0.5 —
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using an array of parameters, and selecting the case with
maximum production and no failures. To enable fair compar-
ison of the LP and MPC controllers, MPC production was

downrated by a factor of
8760� 2� 168
8760� nhorizon

; the discounting in the

numerator relates to the two weeks of maintenance per year that
are enforced on the LP, and the term in the denominator
corrects for the hours at the end of the year which need to be
© 2023 The Author(s). Published by the Royal Society of Chemistry
excluded from the MPC's scope because there is inadequate
forecast information. In both the MPC and the LP approaches,
the discounting of production is conservatively applied to
production over the whole year (rather than selecting a two week
period in which production was likely to be low).

Only 24 hours of forecast were allowed, over which range
renewable forecasts tend to be highly accurate, because
production estimates are required for bidding into day ahead
electricity markets.40

Fig. 7 shows the results of this estimation approach. There
are two sources of cost increase: oversizing costs (shown using
the dotted line, which is simply the design prediction translated
to the le by a value of 0.2), and reduced production. The solid
red line on the gure shows the combined impact of plant
oversizing and reduced production.
RSC Sustainability, 2023, 1, 923–937 | 933
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Fig. 7 Comparison of predicted LCOA from the design approach (LP) (blue) and actual LCOA from the operating approach (MPC) (orange) as
a function of the Haber–Bosch MinimumOperating Rate (HB MOR). The lowest cost achievable is the design approach (solid blue); this has been
constrained by oversizing, meaning the best cost achievable by the MPC is increased (dotted blue). Results are shown for 2022, for a wind-
dominated site (top), a hybrid site (middle), and a solar-dominated site (bottom). The solar site tracks the design target very well; the hybrid site
also tracks design performance well, with an exception at an MOR of 0.6 caused by imprecise tuning. The wind site performs poorly relative to
both the design cases.
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The results differ between the sites based on the primary
source of energy. For the two sites with a large quantity of solar
(the bottom two panels), actual production was almost equal to
the design production in most cases – in other words, the MPC
was able to replicate the performance of the LP model which
had perfect foresight. This is an unsurprising result for a solar
dominated plant in a high-quality location; because the
renewable resource cycles on a 24 hour basis, optimising with
a 24 hour forecast is broadly adequate. By contrast, the wind
dominated site shown in the top panel fares far worse; because
periods of low or high wind productionmay last for signicantly
longer than 24 hours, the MPC will not track the LP model as
accurately.

For all locations, where the operating plant had very little HB
exibility (i.e. MOR > 80%), the production in the design and
operating cases was very similar. Under these constraints, the
degrees of freedom in plant operation is small, so both the
design and operating cases will tend to behave in a similar way.
934 | RSC Sustainability, 2023, 1, 923–937
The exception to this rule is the performance of the hybrid
site at an HBMOR of 60%, where the MPC production is around
10% less than the LP forecast, creating a signicant spike in the
LCOA on the gure. For the other cases, the optimal MPC
production occurred when the tuning parameter took a value of
0.1; however, when this value for the tuning parameter was used
in the case where the HB MOR was 60%, 97 plant failures were
observed. This is a location-specic effect, indicating that for
this case, the additional 20% oversizing was inadequate to run
the MPC with a loose storage penalty parameter. For that
specic case, therefore, the gure shows the next best produc-
tion option which used a tighter value for the tuning parameter
of 0.5. This tighter parameter prevented plant failures but at the
cost of reduced production. Optimal design of the MPC would
identify a tuning parameter between 0.1 and 0.5 that may strike
a superior balance between these two goals. The effect is similar
to that observed on panel (b) of Fig. 6 for the 12 hour horizon –
© 2023 The Author(s). Published by the Royal Society of Chemistry
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Fig. 8 Average annual production at the three sites when operated
over a long-time period, using the plant design for 2022 (blue) and for
2050 (orange). For 2022, production is close to 1 MMTPA (i.e. the
design target). For 2050, and for the solar site in 2022, the tuning
parameters appear to be too conservative, since production is much
lower than in the 2022 cases. There were no failures at any of the sites
in either year.
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achieving excellent production increases the risk of plant
failure.

Reducing the actual LCOA requires (i) the plant oversizing to
be reduced as much as possible, and (ii) the production from
the MPC to be equal to the LP. For the solar plants, the latter
goal has already been achieved; doing the same in wind plants
will require superior forecasting and improved tuning, which
may require machine learning to tune appropriately on a case-
by-case basis. Achieving goal (i) is more complex, and is
a useful area for further research. The approach used in this
analysis used a fairly crude approach of using a plant designed
with reduced exibility; this could be improved at individual
sites on a case-by-case basis by iteratively solving the design LP
and theMCP in order to strike a tolerable balance between plant
failure risk and meeting production goals. Additionally, less
coarse steps in the HB MOR and in the MPC parameters would
enable more precise tuning at a given location.

Fig. 7 presents a more complex view on plant exibility than
that presented using only the LP results (Fig. 2). In the case of
the solar dominated plants, provided the MPC is well-tuned, the
conclusions are broadly the same: there is some benet to be
gained from plant exibility, but the majority of this benet is
associated with reducing the HBMOR to∼60%, and not beyond
it to a very low minimum ∼20%. Improving the estimate of the
required plant oversizing (as discussed in the previous para-
graph) wouldmove the red line on Fig. 7 towards the solid green
line, weakening the relationship between exibility and LCOA
yet further. However, in the case of predominantly wind-
dominated plants, the difficulty of long-term forecasting
means HB exibility is a more useful lever for the plant to use
while it is operating, and the LCOA continues to fall linearly as
exibility increases.
3.4 Long term operation

Until this point, this article has considered operation using
weather data taken from the same year in which the plant was
designed. To conrm that the parameters selected as optimum
in the previous section enabled the plant to operate robustly
across longer time periods, the model was operated using 12
years of historical weather data (from the start of 2010 to the
end of 2021; this period includes the design year which was
2019). Note that the historical weather data is used for both the
2022 and 2050 cases, the primary difference between the cases
relating to equipment efficiency and CAPEX. The MPC horizon
was set to 24 hours, the ramping penalty was set to 0.1, and the
tuning penalty was tuned based on the likelihood of failure
observed in the sensitivity analysis: a tuning value of 1 was used
for wind site, 0.5 for the hybrid site and 0.1 for the solar site.
The plant design was selected by running the LP with a MOR of
40%; again, the MPC MOR was set to 20%.

Under these conditions, no failures were observed across the
12 years of operation. The results are shown in Fig. 8. Evidently,
the tuning of the MPC is best for the hybrid site, and may
benet from review in the other locations. However, in each
2022 case, production is within 10% of the design target, indi-
cating that the MPC is robust when operated in unfamiliar
© 2023 The Author(s). Published by the Royal Society of Chemistry
weather proles. For the 2050 cases, production is signicantly
less, indicating the tuning parameters are likely to be too
conservative.

4 Conclusions

The general consensus in the literature is that enhanced exi-
bility is a prerequisite for affordable ammonia production. This
article demonstrates that the true relationship between exi-
bility and green ammonia cost is more complex. While some
exibility is important, by 2050, reducing the MOR from 60% to
20% will improve the LCOA at the average site by less than 10%,
even when constraints on storage equipment cycling are intro-
duced; the benets are even smaller at the best locations. It is
therefore not likely that investing in more expensive technolo-
gies which enable more exible operation (e.g. more robust
catalysts or non-HB ammonia production technologies) will
ultimately reduce the LCOA. There is signicantly more to be
achieved from (i) targeting reductions in equipment costs
(particularly of Solar PV, which produces the cheapest ammonia
in most production in the 2050 forecast), and (ii) improving the
ability of operating plants to match the performance of opti-
mally designed plants.

The latter point is demonstrated through an MPC model
which is the rst to consider how weather forecast limitations
impact the operation and design of green ammonia plants: in
summary, using plausible forecast horizons, sufficient plant
overdesign, and careful MPC parameter tuning can manage the
risk of plant failure without sacricing production. Production
using imperfect forecasting at three locations as measured over
a twelve year period was within 10% of the optimum production
achievable using perfect forecasting; even better results may be
achievable with more precise tuning. Only in circumstances
where the VRE supply is less regular, such as a wind-dominated
RSC Sustainability, 2023, 1, 923–937 | 935
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plant, is plant exibility a useful lever for reducing ammonia
costs. This study focused on detailed analysis of three sites;
further research should consider whether the results are
consistent in other locations.

There is signicant room for further research. Firstly, this
approach provided very limited forecast information to theMPC
(only up to a horizon at which the predictions had a high degree
of condence). Performance may be improved by including
longer-term but higher uncertainty weather forecasts; the
possibility of doing so should be investigated. Secondly,
different approaches to plant oversizing should be considered,
perhaps by iterating the LP and the MPC models to design
optimal, robust plants. This research used quite coarse steps
between different values of the HB minimum operating rate
when determining the extent to which the plant should be
oversized, and there may be merit to considering ner steps in
order to minimise the amount of overdesign required. Thirdly,
the MPC approach should be extended to grid-connected
plants, with a focus on the relationship between predictability
of the grid cost and the opportunities posed by sector coupling.
When a grid connection is used, plant exibility may be more
valuable than in the islanded case considered here, as it will
enable the green ammonia plant to provide grid services.
Fourthly, some of the 2050 cases produce considerably less
ammonia in operating mode than targeted in design; more site-
specic tuning studies should be conducted.

Abbreviations
ASU
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Air separation unit

CAPEX
 Capital expenditures

HB
 Haber–Bosch

LCOA
 Levelised cost of ammonia

LP
 Linear program

MMTPA
 Million metric tonnes per annum

MOR
 Minimum operating rate

MPC
 Model predictive control

NPV
 Net present value

O&M
 Operating and maintenance costs

OPEX
 Operating expenditures

USD
 US dollars

VRE
 Variable renewable energy
List of symbols
t
 Time (h)

St
 The set of all times

a(t)
 Total renewable energy available to the plant at time t

in MWh

l(SC,t)
 Total charge accumulation in storage component SC at

time t in MWh (design only)

k(SC,t)
 State of charge of a storage component SC at time t in

MWh (design only)

x
 State of plant in the MPC controller (operating

approach only)
ility, 2023, 1, 923–937
pE(t)
© 20
Total energy ow to the electrolyser at time t in MWh
(MPC)
pHB(t)
 Total energy ow to the HB plant (MPC) at time t in
MWh
bin(t)
 Energy ow to the battery at time t in MWh (MPC)

bout(t)
 Energy ow from the battery at time t in MWh (MPC)

g(t)
 Energy ow from the fuel cell in MWh at time t(MPC)

h
 Conversion efficiency

3B
 Battery hourly self discharge rate

SC
 Storage component (a member of the set of storage

components)

GCL
 Maximum allowable number of battery cycles (design

only)

CSC
 Capacity of storage equipment in MWh

n
 Forecast horizon of MPC controller (operating only)

kH
 Hydrogen storage tuning parameter (operating only)

kB
 Battery storage tuning parameter (operating only)

kR
 Ramping tuning parameter (operating only)
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