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1 | INTRODUCTION

Dominik Bongartz?*

Abstract

Under time-varying electricity prices, the production costs of Power-to-X processes
with intermediate storage can be reduced by simultaneously optimizing the process
unit design and size with their scheduling and operation. However, the production
cost sensitivity to optimal process design or scheduling is unclear, especially when
several scheduling scenarios are considered to address uncertainty. To answer this
question, we consider a grid-connected Power-to-Methanol process with intermedi-
ate storage and compare: (i) optimal process design under steady-state operation,
(ii) optimal scheduling for several randomly generated process designs, and
(iii) combined design and scheduling optimization. We show that optimal scheduling
is, on average, more important than optimal design (within the considered variable
bounds), since it can mitigate the effects of poor design choices. As a consequence,
very different process designs, especially with oversized electrolysis and methanol
synthesis units, can lead to similar objective function values when flexible operation

is enabled and scheduling is optimized.

KEYWORDS
battery and hydrogen storage, combined design and scheduling, Power-to-Methanol,
process design correlation analysis, two-stage stochastic programming

simultaneously optimize the design and scheduling of PtX processes con-

sider single specific power generation or electricity price profiles, for

The cost of hydrogen-based chemicals and fuels produced via Power-
to-X (PtX) processes is generally dominated by the high investment
costs for water electrolyzers as well as high operating costs. For grid-
connected PtX processes under time-varying electricity prices, the
economic competitiveness against fossil-based alternatives can be
improved by operating them flexibly as well as taking advantage of
intermediate storage.'™®

To minimize production costs, the design of PtX processes, including
both design variables and unit sizing, should be optimized while consider-
ing process scheduling so that the process units are optimally designed

and (over-)sized while meeting the production goals. Most works that

example, in the case of Power-to-Ammonia,*® Power-to-Gas®’ and
Power-to-Methanol.>® Especially for the sustainable production of
methanol, several studies have recently looked at the interplay
between flexible operation and intermediate storage via optimization.

.72% and Akram and Kienberger!! optimized a

For instance, Chen et a
Power-to-Methanol process model with hydrogen storage. In our pre-
vious work,® we investigated the combined role of flexible operation
and intermediate storage (battery and hydrogen storage) in Power-to-
Methanol. Maggi et al.'?> optimized the design of a Power-
to-Methanol process with battery and hydrogen storage via multi-

period optimization. Taslimi and Khosravi®® optimized the design and
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scheduling of a Power-to-Methanol process with battery and hydro-
gen storage, also considering optimal participation in ancillary markets.
Further, even more heat and work storage technologies were consid-
ered in support of a Power-to-Methanol process by Svitni¢ and Sund-
macher.? Nonetheless, fewer works account for uncertainty on the

1415 and renewable power

input profiles, for example, electricity prices
generation?®?” for grid-connected and stand-alone processes, respec-
tively, especially when process design is also optimized as, for example,
in microgrids,*® organic Rankine cycles,'? energy systems,2>?* and PtX
processes, 162223

An approach to account for such uncertainty is formulating the
deterministic equivalent of risk-neutral stochastic combined design
and scheduling (S-CDS) optimization problems.?*"2 In these two-
stage stochastic programming problems, the uncertainty is generally
addressed by simultaneously considering several scheduling scenarios.
However, these problems can become extremely challenging to solve
within reasonable CPU times depending on factors such as the model
type, for example, LP vs. MINLP, number of scheduling scenarios, and
length and time discretization of the scheduling horizons.

To tackle the numerical complexity directly on the solver side,
several optimization strategies based on either black-box optimizers,
for example, a genetic algorithm to identify first-stage variables,'®
sample average approximation performed within the solver,*° or
decomposition approaches to exploit the problem structure have been
proposed, mainly for stochastic LPs and MILPs.2>273! For instance,
L-shaped methods based on generalized Benders decomposition itera-
tively identify first-stage variables in a master problem, which are then
fixed to solve a stochastic scheduling problem that is used to intro-

duce feasibility and optimality cuts into the master problem.?>27:32

252731 is also used to gen-

Lagrangean or scenario decomposition
erate simpler (non-stochastic) independent two-stage subprob-
lems, which embed penalty terms into the objective function to
enforce the equality of the first-stage variables across the sub-
problems through the iterations. Further, beyond improving the
above-mentioned optimization strategies, for example, introducing
stronger Benders cuts,>>3* dedicated branching strategies®>:3¢
have also been proposed.

For cases where these optimization strategies still cannot solve
two-stage problems or are not implemented in conventional solvers,
several tailored optimization algorithms have been proposed,
especially for energy system applications. For instance, Liu et al.%”
proposed a decomposition algorithm based on optimality cuts for
two-stage stochastic programs reformulated as large-scale multi-
period MINLP problems by applying a sampling and integration tech-

|38

nigue. Heo et al.”® proposed a decomposition algorithm for CDS prob-

lems that first identifies a design candidate with a simplified model
and then tests the design candidate's performance by solving an opti-
mal scheduling problem with a linearized model. Furthermore, Baum-

|39

gartner et a proposed RiSES*, an algorithm for CDS problems

based on time series aggregation (TSA), whose time resolution is itera-
tively increased until the desired optimality gap is reached. RISES*3?

was later extended to account for nonlinearities (RINSES#40).

3849 which can be

However, some of these tailored approaches,
applied in stochastic problems, can generate infeasible design candi-
dates for the original problem due to linearization.*®

To tackle the numerical complexity without the need for tailored
optimization algorithms, S-CDS optimization problems can be simpli-
fied, for example, via model relaxation,'* scenario clustering,2%2223
and TSA*3 or degrees of freedom (DoF) reduction.?>** Further
approximation strategies can be applied to the original S-CDS prob-
lems, such as only optimizing the process design considering steady-
state operation or only optimizing the process scheduling for given
process designs. Nonetheless, it remains unclear whether these
approximations of S-CDS problems are sufficiently accurate for sto-
chastic optimization of Power-to-X processes. Moreover, the litera-
ture has not considered whether optimal process design versus
optimal process scheduling is more important for reducing the pro-
duction cost when accounting for the uncertainty of scenario
realization.

Furthermore, the impact of process design variables on the pro-
duction cost in Power-to-X processes is generally unknown, particu-
larly when several scheduling scenarios are considered. In fact, several
process designs can potentially lead to similar objective function
values, for example, with a difference below the optimality tolerance.
This situation can occur, for instance, when the objective function is
not particularly sensitive to certain design variables*> or because of
the economic trade-offs captured by the objective function when
optimized under uncertainty.244¢47

To answer these questions related to the sensitivity of the objec-
tive function to optimal stochastic design and scheduling and to the
design variables, we solve S-CDS problems for a MINLP model of a
grid-connected Power-to-Methanol (PtMeOH) process with interme-
diate storage based on our previous work.22% In particular, we first
investigate how sensitive the methanol production cost is to optimal
design, mainly the size of the key process units, and optimal schedul-
ing under uncertainty when enabling flexible operation for different
process units. We then analyze the optimization results statistically to
identify general trends between the process design variables and the
production cost. Finally, we benchmark the optimization results by
solving a simplified S-CDS problem as in our previous work.2

In the following, Sections 2 and 3 describe the methodology, the
model, and the considered case studies, Section 4 presents the results,

while the conclusions are drawn in Section 5.

2 | METHODOLOGY

To investigate how sensitive grid-connected Power-to-Methanol pro-
cesses are to optimal design (mainly unit sizing) and scheduling when
several scenarios are considered, we formulate and solve the deter-
ministic equivalent of the corresponding stochastic optimization
problems.

In the following subsections, we describe the optimization prob-

lems, the statistical analysis, as well as their implementation.
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The PtMeOH process is optimized while considering uncertainty
related to the realization of electricity price scenarios, which represent
an input to the S-CDS problem. In contrast, the full sequence of Nts
values within each scenario n is assumed to be known (assumption of
perfect information on the scenario time series) and is collected in a
vector ¢, € RVs. For simplicity, for the most general cases, we assume
uniform probability across scenarios, that is, each scenario n has a
probability p, =1/Nscen, Where Nscen is the number of scenarios. In
the case of scenario clustering (performed to reduce the numerical

complexity?22343)

, we identify representative scenarios from each
cluster and calculate their probability accounting for the cluster sizes.
For each scenario n, the levelized cost of methanol LCOM,
accounts for both investment and operating costs. The weighted sum
of the scenario objective functions (LCOM,) is minimized subject to

equality and inequality constraints:

Nscen
min (Z p, - LCOM,(d, sn(cn))>
ds n=1

s.t. (OP1)
hn(d, $n(€n)) =0 n=1,...Necen
gn(d; Sn(cn))fo n:j-ym,Nscen,

where deRNesnvr  are the first-stage variables (design) and
s € RNscen¥Nscheawing v XNTs the  accumulated second-stage variables
(scheduling). Accordingly, Ngesignvar is the number of design variables
and Nscheduling var the number of distinct scheduling variables for each
scenario instance.

The considered PtMeOH model is a MINLP due to the presence
of integer decision variables as well as nonlinearities in the process
unit efficiencies and cost correlations (Section 3). This model is partic-
ularly challenging to solve when used in S-CDS problems, especially
for long and finely discretized scheduling horizons and high scenario
numbers.

Depending on the considered case study (Section 3), the original
S-CDS problem (OP1) is simplified. For instance, when only the pro-
cess design is optimized, steady-state operation for the scheduling
variables s, is assumed, thus reducing the complexity of the original
S-CDS problem significantly, since the number of optimization vari-
ables does not scale with Nts. When only the stochastic scheduling is
optimized, the process design is fixed. This reduces the problem com-
plexity and also allows solving every instance of the stochastic prob-
lem independently.

To benchmark these results, we solve both the original and a
reduced S-CDS problem. The reduced S-CDS problem is obtained
by applying a complexity reduction technique that combines
feature-based scenario clustering and selective DoF reduction?®
(see Section S1 in Supporting Information for additional details).
To sufficiently represent the original scenario space, we consider
15 scenario clusters, that is, ca. 30% of the original scenario space.
Further, after fixing the design obtained in the reduced S-CDS

AI?BIFJ R NALJ?,;f12

problem, we solve a stochastic scheduling problem being inter-
ested in the objective function in the original scenario and DoF
spaces. As the objective function value of the original S-CDS prob-
lem is worse than the one obtained through the reduced S-CDS
problem (the optimizer could not find the global optimum or a bet-
ter local optimum within the considered computational time limit
due to the significantly higher numerical complexity), we do not

report these results.

2.2 | Statistical analysis

To analyze the complex relationship among the process design vari-
ables and the objective function, we carry out a statistical analysis
based on the results obtained by solving stochastic scheduling prob-
lems for several process designs. In particular, the process designs
have been identified via latin hypercube sampling (LHS), a frequently
used sampling approach that allows covering multi-dimensional design
spaces with relatively low numbers of samples.*® For these samples, a
correlation analysis is performed by calculating distance correlation
coefficients,** which can capture nonlinear correlation trends for sin-
gle variables and their combinations.

The correlation direction is estimated via the sign of the Spear-
man coefficient between single design variables and the objective
function. Nonetheless, given the nonlinear, not-strictly monotonic
relationship between the design variables and the objective function,
the correlation coefficients and directions represent an average trend
over the considered design variable range rather than an absolute

indication.

2.3 | Implementation
A Matlab script calls GAMS to solve the implemented deterministic
equivalent of the two-stage stochastic programming problems with
BARON 23.6.22°° to global optimality as in our previous work.2>
Moreover, the data processing, scenario clustering, DoF reduction,
and data exchange file generation are performed in Matlab before
solving the optimization problems in GAMS. Also, the stochastic
scheduling problems are solved in parallel by splitting the problem into
four smaller subproblems to reduce the numerical complexity; the
optimization results are combined afterward.

A relative optimality tolerance and a CPU time limit were set to
2% and 6 h, respectively, for most optimization runs. Global optimality
was achieved for most optimal design and optimal scheduling prob-
lems within this CPU time. In contrast, global optimality was not
achieved for the reduced S-CDS optimization problem within the CPU
time limit despite setting a higher optimality tolerance (5%) and
CPU time limit (12 h). For the cases where global optimality was not
achieved within the CPU time limit, the locally optimal solution found
by BARON was considered.

The statistical analysis is also performed in Matlab.
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3 | PROCESS MODEL AND CASE STUDIES

A grid-connected Power-to-Methanol process with intermediate stor-
age is considered and modeled as in our previous work.?® In particular,
the PtMeOH process is composed of a PEM water electrolysis
(PEM-WE) unit, a hydrogen compression unit, a methanol synthesis
(MeOH) unit, as well as a Li-based battery and pressurized vessel for
hydrogen storage.

In the considered process, pure hydrogen is produced by the
PEM-WE unit at 40 bar and then compressed to reach the pressure
inside the hydrogen storage, ranging from 75 bar to 140 bar, in a sin-
gle compression stage. The hydrogen taken from the hydrogen stor-
age is then mixed with a pure CO, stream, which is pressurized from
1 bar to 75 bar in the methanol synthesis plant. The CO,-H, mixture
is then converted into methanol in a two-stage catalytic reactor with
intermediate product removal,® which is then purified via distillation.
The methanol synthesis reactor is operated at ca. 75 bar, a pressure in
the typical operating range (50-100 bar®?) that generally provides a
good trade-off between investment cost and reactant conversion.
Moreover, some works suggest that lower methanol synthesis pres-
sures, for example, 50 bar®? and 65 bar,”® are more suitable. These
differences in the optimal operating pressure are most likely due to
the fact that it depends on the considered process units and configu-
ration, catalyst, modeling assumptions, and boundaries. However,
identifying the optimal operating pressure for the considered metha-
nol synthesis process was beyond the scope of this work.

The considered model is quasi-steady-state, that is, modeled in
discrete time, due to the fast process dynamics compared to the con-
sidered time discretization (hourly).*>**>> The model includes nonline-
arities due to process unit efficiency and cost correlations as well as
integer variables, for example, the electrolysis unit size and the vari-
ables to enforce part-load operating constraints, thus resulting in an
MINLP problem.

The levelized cost of methanol (LCOM) is optimized with respect
to design and scheduling variables. The considered process design
variables are the sizes of the process units, namely, the battery, elec-
trolyzer, hydrogen storage, and methanol synthesis plant, and the
maximum pressure that can be reached within the hydrogen storage.
These design variables directly affect the investment costs of each
process unit and enable investigation of trade-offs between process
unit oversizing and intermediate storage needs (see Section S2 in Sup-
porting Information for more details on the economic assumptions).

A summary of the considered design variables and their respective
bounds is displayed in Table 1. The scheduling variables, that is, the
power and mass flow rates (in an aggregate level) of the process units
that directly affect the operation of the PtMeOH process are defined
accordingly (for further details, refer to our previous work®?). Also, a
fixed yearly methanol production rate of 50 kt is considered to enable
the comparison among the case studies. This plant size is assumed to
be representative of PtMeOH plants in the short-term future, as it
requires an electrolysis unit with a nominal size ranging between
50 MW and 100 MW. Further, note that the chosen bounds and
assumptions always ensure problem feasibility.

To investigate how sensitive the LCOM of grid-connected
PtMeOH processes is to optimal design or scheduling when account-
ing for uncertainty of scenario realization and different levels of pro-
cess flexibility, we considered 52 weekly scheduling scenarios with
hourly discretization (day-ahead electricity price data for Germany in
the year 2023°%), and evaluated the following case studies, also sum-
marized in Table 2:

e Random designs and optimal scheduling—Flexible: No unit: 100 pro-
cess designs are generated via LHS within the design variable
bounds (see Table 1) to explore the solution space. These process
designs are then fixed in the optimization problems, thus defining
the operating constraints and investment cost of the process units.
For these process designs, the scheduling of the process units is
optimized to meet the yearly methanol production target (50 kt)
for each scenario instance. However, for each scenario instance,
steady-state operation is assumed for the PEM-WE and methanol
synthesis units within the scheduling horizon. In this simplified case
that does not allow any flexible operation, the generated design
values of the battery, compression unit, and the hydrogen storage
are discarded: the hydrogen compression unit is sized to reach
75 bar (the operating pressure of the methanol production plant®),
and the battery and hydrogen storage are removed from the
model, since they cannot be properly exploited given the enforced
operating strategy.

e Random designs and optimal scheduling—Flexible: Battery: For the
100 generated process designs, the scheduling of the process
units is optimized assuming steady-state operation only for the
PEM-WE and methanol synthesis units. In contrast, the battery
can be operated flexibly. While the battery size is now deter-
mined as part of the generated random designs, the design

TABLE 1 Design variables of the optimization problem for the grid-connected case study with their upper and lower bounds.
Unit Variable name Variable description Lower bound Upper bound
Battery Battery Energy capacity 5 MWh 150 MWh
PEM-WE Modules Number of electrolysis modules 25 35
H, compression Pressure ratio Maximum pressure ratio 1.88 3.50
H, storage Volume Volume of the vessel 50 m® 1000 m®
MeOH plant H, flow Nominal H, flow rate for the methanol synthesis plant 1.18t/h 1.60t/h
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TABLE 2 Summary of the case studies investigated for the stochastic optimization of a grid-connected Power-to-Methanol process with
intermediate storage. Note that, when the process design is not optimized, a generated process design is fixed and only optimal stochastic

scheduling is performed.

Random designs and optimal scheduling—Flexible: No unit
Random designs and optimal scheduling—Flexible: Battery

Random designs and optimal scheduling—Flexible: Battery & PEM-WE

Random designs and optimal scheduling—Flexible: Battery, PEM-WE, & MeOH No

Optimal design and scheduling—Flexible: No unit

Optimal design and scheduling—Flexible: Battery

Optimal design and scheduling—Flexible: Battery & PEM-WE
Optimal design and scheduling—Flexible: Battery, PEM-WE, & MeOH

*Neither battery nor intermediate hydrogen storage are considered.
**No intermediate hydrogen storage is considered.

values for the compression unit and the hydrogen storage are
discarded, as in the previous case: the hydrogen compression
unit is sized to reach 75 bar and the hydrogen storage is
removed from the model, since it cannot be exploited given the
enforced operating strategy.

e Random designs and optimal scheduling—Flexible: Battery & PEM-
WE: For the 100 generated process designs, the scheduling of the
process units is optimized assuming steady-state operation of only
the methanol synthesis unit, thus meaning the battery and the
electrolyzer can be operated flexibly.

e Random designs and optimal scheduling—Flexible: Battery, PEM-
WE, & MeOH: For the 100 process designs generated via LHS, all
process units can be operated flexibly, and their scheduling is
optimized.

e Optimal design and scheduling—Flexible: No unit: The PtMeOH pro-
cess design is optimized while simultaneously optimizing the
process scheduling. Therefore, the process design is decided by
the optimizer and is not preliminarily fixed. For this case study,
steady-state operation of the PEM-WE and methanol synthesis
units is considered. No battery and intermediate hydrogen storage
are considered.

e Optimal design and scheduling—Flexible: Battery: The PtMeOH pro-
cess design is optimized while considering steady-state operation
only of the PEM-WE and methanol synthesis units and no interme-
diate hydrogen storage. The battery can be operated flexibly, and
its scheduling is optimized.

e Optimal design and scheduling—Flexible: Battery & PEM-WE: The
PtMeOH process design is optimized while considering steady-
state operation only of the methanol synthesis unit. In contrast,
the other process units can be operated flexibly, and their schedul-
ing is optimized.

e Optimal design and scheduling—Flexible: Battery, PEM-WE, &
MeOH: Both the design and scheduling of all process units are opti-
mized. Moreover, all process units can be operated flexibly. To
ensure numerical tractability, we solve an approximated version of
the original S-CDS problem (OP1) by applying feature-based

Scheduling optimization

Design optimization Battery PEM-WE MeOH
No* — Steady state Steady state
No** Flexible Steady state Steady state
No Flexible Flexible Steady state
Flexible Flexible Flexible
Yes* — Steady state Steady state
Yes** Flexible Steady state Steady state
Yes Flexible Flexible Steady state
Yes Flexible Flexible Flexible

scenario clustering (15 scenario clusters) and selective DoF reduction
(see Section S1 in Supporting Information). The resulting process
design is then fixed to solve a stochastic scheduling problem in the
original scenario and DoF spaces, so that the objective function value

can be compared with those from the other case studies.

4 | RESULTS AND DISCUSSION

In the following sections, we first evaluate how optimal design and
scheduling affect the methanol production cost. The relationship
between the considered designs and the objective function is then
analyzed to identify data correlation and the sensitivity of the objec-
tive function to the design variables. Finally, we further discuss the
results of the stochastic combined design and scheduling optimization

problems.

4.1 | Optimal design vs. scheduling

The LCOMs obtained for the 100 randomly generated designs show
different values and data distributions depending on which units can
be operated flexibly when scheduling is optimized (Figure 1). In partic-
ular, the average LCOM values decrease and the data distribution
skewness increases when the hydrogen storage is used and the key
process units, that is, electrolysis and methanol synthesis units, are
operated flexibly.

When assuming steady-state operation of all (or some) process
units for the 100 random designs, the LCOM ranges are quite wide:
1.46-1.52 € kg1, 1.46-1.54 € kg1, and 1.44-1.54 € kg~ ! (three violin
plots on the left in Figure 1, respectively). As expected, these results
indicate that optimal design plays a significant role in reducing the
production cost (black, green, and cyan markers in Figure 1).

When the electrolysis and methanol synthesis units are operated

in steady state, the results suggest that battery storage is not
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FIGURE 1

Violin plots displaying the levelized cost of methanol (LCOM) data points and their density distribution for the 100 randomly

generated designs. Note that the density distribution is displayed only within the obtained LCOM ranges. The LCOMs for the “Flexible: No unit”
case are calculated by assuming no battery and hydrogen storage and steady-state operation for the electrolysis and methanol synthesis units;
the LCOMs for the “Flexible: Battery” case are calculated by assuming no hydrogen storage and steady-state operation for the electrolysis and
methanol synthesis units; the LCOMs for the “Flexible: Battery & PEM-WE” case are calculated by considering flexible operation for the battery
and the electrolysis unit and steady-state operation for the methanol synthesis unit; the LCOMs for the “Flexible: Battery, PEM-WE, & MeOH”
case are calculated by assuming flexible operation of all process units. Additionally, the LCOMs of the Power-to-Methanol processes optimized
with respect to the design (black, green, cyan, and red markers) are displayed; these values are not displayed in all violin plots since they were

obtained for different process configurations, namely, storage technologies.

economically viable (compare the two violin plots on the left in
Figure 1). In fact, the savings in the operating expenditures due to the
battery are not sufficient to repay the investment expenditures under
the considered economic assumptions.

When the electrolysis unit is operated flexibly differently from
the methanol synthesis plant (and hydrogen storage is present), the
data distribution is skewed toward lower LCOM values (compare
the violin plots in the middle in Figure 1). This suggests that the use of
hydrogen storage combined with the flexible operation of the PEM-
WE unit reduces, on average, the methanol production cost. This is
again confirmed by comparing the LCOMs obtained via optimal
design: LCOM of 1.42 € kg~! instead of 1.46 € kg~! thanks to the
possibility of exploiting price fluctuations to reduce the hydrogen pro-
duction cost, and thus the LCOM.

When flexible operation of the methanol synthesis unit is
enabled, the LCOMs are on average ca. 4% lower still (compare the

two violin plots on the right in Figure 1). The LCOM reduction is due

to the savings in the operating expenditures, which range between
—1% and —12% for the considered process designs (also see
Figure S.1 in Supporting Information), thus confirming the importance
of flexible operation. Also, the LCOM range obtained when optimizing
the scheduling for the same generated process designs is slightly
lower than for the case with no methanol process flexibility: 1.40-
1.47 € kg1 vs. 1.44-1.54 € kg~! (compare the two violin plots on the
right in Figure 1). Furthermore, the LCOM data distribution is more
skewed toward low LCOMs, thus meaning that several process design
combinations lead to similar objective function values, as also men-

tioned in previous works?%4647 (

this aspect will be investigated in
more detail in Section 4.2). These results show that the enhanced pro-
cess flexibility related to the methanol process operation helps miti-
gate economic losses caused by poor process design choices.
Nonetheless, the relatively wide LCOM range highlights that making
sufficiently good process design choices matters even when methanol

process flexibility is enabled.
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Further, the best LCOM obtained for a randomly generated process
design when allowing methanol process flexibility is better than the
LCOM obtained by optimizing the PtMeOH design while considering
steady-state operation of the methanol synthesis unit, thus highlighting
that these processes should be operated flexibly. Moreover, the average
of the LCOMs in the violin plot on the right is quite close to the cyan
marker that indicates the LCOM of the PtMeOH with the process design
optimized when assuming steady-state operation of the methanol syn-
thesis unit (Figure 1). This suggests that optimal scheduling (when allow-
ing flexible operation and assuming perfect information on the scenario
time series) is, on average, more important than optimal design (when
assuming steady-state operation of the process units) in PtMeOH pro-
cesses. This is most likely due to the high share of the operating costs on
the LCOM in Power-to-X processes.®

Finally, the best LCOM obtained for a randomly generated pro-
cess design is similar to the LCOM obtained by solving a stochastic
scheduling problem by fixing the design obtained by solving the
reduced S-CDS problem (the optimal stochastic scheduling results are
reported in Supporting Information). Nonetheless, the wide range of
LCOMs suggests that the design and scheduling should still be opti-
mized simultaneously, especially when considering flexibility for all

process units (also see Section 4.3).

4.2 | Data correlation analysis

As several process designs can lead to similar objective functions
(Section 4.1), we analyze the optimization results to identify patterns
among these variables. In particular, we investigate the impact of the
process design variables on the LCOM.

For this analysis, we consider the results obtained by optimizing
the stochastic scheduling for the 100 generated process designs,
while allowing flexible operation of all process units (violin plot on the
right of Figure 1). The considered data set is suitable for this correla-
tion analysis since the design variables, that is, the only input that is
varied in the solved stochastic scheduling problems, show weak-to-no
cross-correlation because of the LHS (Figure S.4 in Supporting Infor-
mation). The correlation analysis between the process design variables
and the objective function is conducted by examining the design vari-

ables first independently and then together.

421 | Correlation between single design variables
and objective function

In analyzing the distance correlation coefficients (Table 3), either weak
or moderate negative correlation with the LCOM emerges across the
considered design variable ranges. In particular, the sizes of the elec-
trolysis and methanol production units exhibit the strongest effect on
the methanol production cost. While intermediate storage can also
contribute positively to LCOM reduction, its impact remains relatively
minor compared to oversizing the electrolysis and methanol produc-

tion units under the considered economic assumptions.

AI?BIFJ R NALJ7;f12

TABLE 3 Signed distance correlation coefficients between the
design variables and the objective function.

Variable Distance correlation Sign
Battery 0.191 —
Modules 0.405 =
Pressure ratio 0.199 -
Volume 0.199 =
H, flow 0.417 —

Note: The distance correlation coefficient ranges from O (independent) to
1 (strongly dependent). The correlation direction indicated via the sign is
estimated from the Spearman coefficient. Note that, given the nonlinear
relationship between the design variables and the objective function, the
displayed metrics represent only average trends over the considered
design variable ranges.

These general trends are confirmed by analyzing the objective
function values (LCOMs) plotted against the single design variables
(Figure 2). The LCOM is quite sensitive to the electrolyzer module
number and the nominal hydrogen flow rate supplied to the methanol
synthesis unit. In contrast, a less sensitive behavior is experienced for
the other design variables, since low and high objective function
values are obtained for all design variable ranges. However, the pro-
cess performance with those design variables depends on the combi-
nation of the others. A relatively low sensitivity to certain key design
variables was already shown in other processes, for instance, a pres-
surized oxy-coal combustion process.*®

The low sensitivity to certain design variables was further
explored by fixing the sizes of the electrolysis and methanol synthesis
units equal to the ones of the random design leading to the lowest
objective function. In this case, the LCOM is nearly insensitive to bat-
tery and hydrogen storage sizes (Figure 3), its variation being lower
than the optimization tolerance for wide variable ranges. Similar
results were obtained for different maximum pressure ratios for the
compression unit (see Figure S.5 in Supporting Information). This is
most likely due to the high flexibility of the electrolysis and methanol
plants, which can largely offset the lack or presence of storage when
scheduling is optimized. Nonetheless, solving S-CDS optimization
problems remains necessary because this exemplary case study can-
not be generalized, and the relationship between design variable
values and LCOM is not known across the entire solution space (see
Section 4.2.2).

422 | Correlation between multiple design
variables and objective function

Identifying clear patterns between combinations of design variables is,
in general, more complicated, especially because of the problem non-
linearities and the fact that the objective function does not always
have a monotonic behavior with respect to the process design vari-
ables in the considered variable ranges (Figure 2). For instance, large

hydrogen storage volumes can be either economically favorable or
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FIGURE 3 Sensitivity analysis of the objective function (LCOM) and the pressure ratio of the compression unit, which determines how

calculated by optimizing the stochastic scheduling for fixed process
designs. In particular, the storage sizes were varied, while the
electrolysis modules, maximum pressure ratio of the compression
unit, and nominal hydrogen flow rate supplied to the methanol
synthesis plant were set equal to 33, 3.5, and 1.54 t h1, respectively.
For these sizes of the electrolysis and methanol synthesis units, the
storage sizes only have a minor impact on the LCOM.

unfavorable based on the other design variable values. Nonetheless, a
few trends can be extracted.
Increasing the number of modules of the electrolysis unit helps

reducing the levelized cost of methanol (Figure 4). However,

much hydrogen can be stored within the volume, is unclear. Similarly,
whether and when having both storage technologies is beneficial

depends on the other design variables.

4.3 | Optimal stochastic combined design and
scheduling

As previously shown, the spread of the objective function values
when solving optimal stochastic scheduling problems (Figure 1) indi-

cates that having a good process design matters. Also, the lack of clear

85UB017 SUOWILIOD 8A1TE.D) 8[qealdde 8y Aq peusenof a8 sejolie YO ‘SN J0 $9|nI o} kg1 8UlUO A8]IA UO (SUOTHIPUOD-PUR-SLLIBY WD A8 1WA LeIq 1 pU1|UO//SANY) SUORIPUOD PUe SWLB | 8U1 89S *[9202/20/6T] U ARiqiTaulluo A8 (1M AISIBAIUN UBYdey HLMY ¥euolqiasiels AN Aq S9Z02 91/Z00T 0T/I0p/wod" A3 1M Areiqijpuljuoayo ke//:sdiy Wouy papeojumoq ‘0 'S065.YST



MUCCI ano BONGARTZ

150

AI?BIFJ R NALJ9;f12

FIGURE 4 Comparison of key % Iy ‘ 1000 ¥ % ; % \
couples of the 100 randomly § : * * § bl mE ¥ " x X ot % x
generated design variables colored =100 * , * ¥ o B o. X = x * o] . ¥ ox 5
according to the objective function = x ¥ 8 X x GEJ 500% x * % bt : %
value (LCOM) obtained when S 501 x ¥ * * oy . = 5 . ¥ x ¥ .
allowing scheduling of all process 3 g x * x % 4 >O ’i * x x % * *
units. The color of the crosses is 0 * * % % LCOM: Best 10% ¥ *
based on the LCOM value. 25 30 LCOM: 10-25% 30 35
Modules / - * LCOM: 25-50% Modules / -
® LCOM: 50-75%
*x |LCOM: Worst 25%
—~ 1600 = x—% % 1000 — —a x—5
‘_'_c :: ¥ f % 3 % £ - xxxx " x . x x %
=) £ x * x X € x * % x, * X
=< x ¥ oy ° {x « Y » ’
< 1400 % ¥ i 500 LV x x|
= x ¥ » S % X %
o :: x % x * =2 Xye X xx * Xy #
= * o= x * x 2 ‘ g x”“ g * x % X ox
T 1200% x * % x % 0 w*x B
25 30 35 1200 1300 1400 1500 1600
Modules / - H,, flow / (kg h™")
1000 T x x“x R X 1000 »r % xx
mE xx"x* * a?‘x mE x ’S‘xx x:* *
~ * * x % % "xxx *® ~— Xy Xxx ® X % bl
x x
2 500 * Wk TR 500k, gt e S
> LR S x % t "
e) ’{‘ }’; % % x *x ) x x% ® " x o ¥
> . x x %% x| = N % o X * %
0 0
0 50 100 150 2 2.5 3 3.5

Battery / MWh

trends for all design variables when exploring the design space
(Figure 4) highlights the need for optimizing design and scheduling
simultaneously. However, these S-CDS optimization problems gener-
ally suffer from numerical intractability.

As described in Section 2, we solved a reduced S-CDS problem with
15 scenario clusters, and then fixed the resulting process design to solve
an optimal stochastic scheduling problem in the original scenario and
DoFs spaces (red marker in Figure 1). The reduced S-CDS problem can
identify a promising design candidate (Figure S.1 in Supporting Informa-
tion). This is probably due to two concurrent reasons: 1) several process
designs lead to similar LCOMs when scheduling is optimized and 2) the
numerical complexity reduction techniques applied to generate the
reduced S-CDS problem can preserve the key characteristics of the origi-
nal S-CDS problem, thus identifying good design candidates.?®

Furthermore, the LCOM in the original scenario and DoF spaces is
also close to the best objective function value obtained via stochastic
scheduling for random designs: the difference is below the optimization
tolerance, as it can be noticed in Figure 1. This might suggest that
developing strategies to solve S-CDS optimization problems is not nec-
essary. However, random design generation does not account for any
information about the relationship between the process design and the
objective function of the S-CDS problem itself. Therefore, the number
of stochastic scheduling optimization problems that need to be solved
before identifying a good process design is not known in advance, thus

potentially requiring extremely high computational costs.

Pressure ratio / -

5 | CONCLUSIONS

For a grid-connected PtMeOH process with intermediate storage, we
investigated the effect of optimizing the design, the scheduling, and
their combination on methanol production cost under scheduling sce-
nario uncertainty.

By solving stochastic scheduling optimization problems with per-
fect information on the scenario time series for randomly generated
designs, we show that a significant methanol production cost reduc-
tion can be achieved by enabling flexible operation, especially of the
methanol synthesis unit. Moreover, optimal scheduling by assuming
flexible operation of all process units seems to be, on average, more
important than optimal design performed by assuming steady-state
operation of the methanol synthesis unit, since process flexibility can
mitigate economic losses due to poor design choices.

The operating strategy of the methanol synthesis process affects
the optimal process design. However, very different process designs
lead to similar objective function values. Moreover, the objective
function seems to be quite insensitive to certain design variables, for
example, storage capacity, for wide variable ranges under the consid-
ered economic assumptions, thanks to the high flexibility enabled by
the other process units. Also, no clear patterns in well-performing pro-
cess designs were found via statistical analysis, besides the fact that
oversizing the water electrolysis and methanol synthesis units seems

the most relevant design choice.
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These results also highlight the need for optimizing the design
and scheduling simultaneously. For the cases where the numerical
complexity cannot be handled within reasonable computational times,
solving simpler but representative S-CDS problems can help identify
well-performing process designs.

Future work might include considering other optimization vari-
ables, for example, the operating pressure of the methanol synthesis
reactor, to capture additional economic trade-offs. Furthermore, the
assumption of perfect information on the scenario time series could
be relaxed to investigate its effect on the optimal stochastic process
design. Finally, since several process design leads to similar methanol
production costs, identifying an optimal design space instead of a sin-
gle optimal design could provide valuable insights. Approaches like
modeling-to-generate-alternatives®” could be applied to obtain such
optimal design variable ranges, which could be particularly valuable

when process unit sizes are modular or standardized.
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