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Power-to-Methanol

Power-to-X processes can be operated flexibly to exploit electricity price fluctuations or renewable power
availability, reducing production costs. Ideally, the process design should be optimized simultaneously with
the scheduling or operation. To address the uncertainty in electricity prices or availability, several scheduling
scenarios can be simultaneously considered in two-stage stochastic optimization problems. However, these
problems, especially when nonlinear, become challenging to solve when the scenario number and scheduling
horizon increase.

To tackle this challenge, we combine feature-based scenario clustering with reducing the degrees of freedom
(DoF) related to the scheduling variables. The latter maintains time step chronology memory, thus ensuring
optimal solution feasibility even if storage is present. For a Power-to-Methanol process, we show that DoF
reduction should not be applied to all scheduling variables when there is intermediate storage, since it strongly
correlates the variables, thus affecting the optimal process design. In a sensitivity analysis concerning the
scenario cluster number, we show that scenario clustering based on interpretable features can represent the
original space and estimate the objective function with a few scenarios, performing similarly to k-means and
k-medoids clustering regarding the objective function. However, despite similar objective values, different
optimal designs are identified for different scenario cluster numbers.

1. Introduction 2023a). However, flexible operation and storage should be properly

evaluated to capture the trade-off between the savings in the oper-

The defossilization of the chemical industry via the substitution
of conventional feedstocks and electrification, e.g., through Power-to-
X (PtX) processes (Schiffer and Manthiram, 2017; Burre et al., 2020;
Mucci et al., 2023b), leads to new challenges for process system de-
sign and operation (Mitsos et al., 2018). In particular, flexible oper-
ation (Zhang and Grossmann, 2016) of energy-intensive processes like
PtX can increase the utilization of renewable sources in both in- and off-
grid applications and reduce production costs thanks to the capability
of their units to vary their operating point.

In addition to flexible operation, the use of intermediate storage has
often been proposed as a way to deal with fluctuations, e.g., in multi-
energy systems (Gabrielli et al., 2018), biodiesel production (Wajeh
et al.,, 2024), cryogenic air separation units (Caspari et al., 2019),
and PtX such as Power-to-Hydrogen (MofGle et al., 2025), Power-to-
Gas (Gorre et al., 2020), Power-to-Ammonia (Allman et al., 2019),
and Power-to-Methanol (Svitni¢ and Sundmacher, 2022; Mucci et al.,

ating costs and the additional investment costs for storage and the
required oversizing of some process units, while meeting the production
goals (Mitsos et al., 2018; Teichgraeber and Brandt, 2020). For this
purpose, combined design and scheduling (CDS) optimization problems
are generally formulated and solved.

Most works modeling such energy-intensive processes and optimiz-
ing their design simultaneously with their scheduling consider exem-
plary electricity price or renewable power generation profiles. How-
ever, the use of different profiles makes the results of these works
difficult to compare with each other and generalize. While the use of
standardized electricity profiles built from historical data for scheduling
problems (Papadimitriou et al., 2025) can overcome the first issue,
the challenge of accurately capturing the uncertainty related to sce-
nario realization remains. Two-stage stochastic programming (Mitsos
et al.,, 2018; Conejo et al., 2010; Li and Grossmann, 2021), one of
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the approaches for optimization under uncertainty, can overcome this
issue. However, such two-stage stochastic optimization (TSO) problems
become computationally challenging to solve both locally and globally,
or even unsolvable within a reasonable time, when there are nonlinear-
ities, the number of scenarios increases, and finely time-discretized or
relatively long horizons are considered for scheduling.

To tackle the high numerical complexity of such problems, the
models are often simplified, e.g., by removing model nonlinearities
or integer variables (Raheli et al.,, 2023), by reformulating them as
scheduling-informed design problems (Allman et al., 2019), and by dis-
cretizing the original time series for multi-period optimization (Martin,
2016; Maggi et al., 2023). In addition, typical or representative peri-
ods can be identified as time slices (Fig. 1), e.g., via heuristics and
scenario clustering approaches (Hoffmann et al., 2020), or generated,
e.g., via k-means (Hoffmann et al., 2020), to represent the original
scenario space with fewer scenarios, thus significantly reducing the
size of the original optimization problems. Analogously, the number of
optimization variables related to the time steps of each scenario can be
reduced via time series aggregation approaches such as downsampling
and segmentation (Hoffmann et al., 2020; Bahl et al., 2018). However,
such methods do not generally retain time step chronology information,
essential for systems with storage, unless the time-related degrees of
freedom (DoF) are mapped (Schifer et al., 2020a) or additional vari-
ables and constraints are introduced to account for inter-period storage
levels (Hoffmann et al., 2020; Baumgértner et al., 2019b).

Scenario clustering (Hoffmann et al., 2020) could potentially be per-
formed inside the solver to capture the interplay between the scenario
time series and the SO problem (Cao et al., 2016). More commonly
though, scenarios are clustered outside the solver and ex-ante, i.e., be-
fore solving the optimization problems. Several outside-the-solver sce-
nario clustering approaches based on heuristics (Martin, 2016; Maggi
et al., 2023; Karuppiah et al., 2010; Belderbos and Delarue, 2015; Pon-
celet et al., 2017), brute force (De Sisternes and Webster, 2013), hierar-
chy (Poncelet et al., 2017; Kotzur et al., 2018; Teichgraeber and Brandt,
2019; Pfenninger, 2017; Zhang et al., 2023), correlation loss (Hu and
Li, 2019), or different distance definitions such as the forward selection
and backward reduction approaches (Conejo et al., 2010; Heitsch and
RoOmisch, 2003; Dupacova et al., 2003; Heitsch and Romisch, 2009;
Bruninx and Delarue, 2016), k-means and k-medoids (Kotzur et al.,
2018; Teichgraeber and Brandt, 2019; Pfenninger, 2017; Zhang et al.,
2023), have been proposed to simplify optimization problems. An
overview of the main clustering approaches proposed in literature can
be found in Fig. 1.

Some of these scenario clustering approaches have been compared
for different applications, e.g., for a risk-averse stochastic problem of
a generalized continuous process (Germscheid et al., 2024), generation
expansion planning (Poncelet et al., 2017; Almaimouni et al., 2018),
stochastic unit commitment (Bruninx and Delarue, 2016; Dvorkin et al.,
2014), energy supply systems (Kotzur et al., 2018; Pfenninger, 2017;
Helisto et al., 2020; Raya-Tapia et al., 2025), an electricity storage (Te-
ichgraeber and Brandt, 2019) and a gas turbine power generation
problem (Teichgraeber and Brandt, 2019). However, based on the
results of the above-mentioned works, no clustering approach consis-
tently performs best, as its performance most likely depends on the
problem itself.

The above-mentioned clustering approaches generally consider the
time series of the original scenario space to determine a pre-defined
number of representative scenarios. As an alternative, a set of features
extracted from each scenario can be used as input space for the so-
called feature-based clustering (Liao, 2005). The sets of features are
like scenario fingerprints and are used to identify the corresponding
scenarios once clustering is performed. For example, the most rele-
vant eigenvalues of the scenario time series extracted via principal
component analysis (PCA) could be used as features for clustering (Al-
maimouni et al.,, 2018; Phillips, 2024). Also, interpretable features
such as central moments, e.g., mean and standard deviation, can be
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considered for clustering. Alternatively, information from preliminary
optimization runs can be used as features to account for the inter-
play between the input scenarios and the model itself (Zhang et al.,
2023; Phillips, 2024; Sun et al., 2019; Jiirgens et al., 2024). However,
this type of ex-post feature-based clustering, also called decision-based
clustering, requires high computational resources compared to other ex-
ante clustering approaches (Jiirgens et al., 2024) and does not always
outperform them (Phillips, 2024).

Although feature-based scenario clustering can filter some noise
from the scenario time series, namely, underlying data patterns that
are not necessary for TSO problems, it is rarely applied in TSO prob-
lems (Almaimouni et al., 2018; Phillips, 2024). Further, which features
should be considered to generate the scenario fingerprints for clus-
tering is unclear. We therefore address these literature shortcomings
by applying feature-based scenario clustering to reduce the numeri-
cal complexity of stochastic CDS optimization problems. A Power-to-
Methanol (PtMeOH) process with intermediate storage based on our
previous work (Mucci et al., 2023a) is considered as a case study. Fur-
thermore, we investigate the use of both interpretable and non-directly
interpretable features, i.e., central moments and principal components
from PCA, respectively, for scenario clustering, and compare feature-
based clustering against k-means and k-medoids, the state-of-the-art
clustering approaches.

Also, we combine feature-based scenario clustering with DoF reduc-
tion for the scheduling variables to reduce the number of optimization
variables further and handle longer time horizons in such TSO prob-
lems. In particular, for each instance of the SO problem, we linearly
map the scheduling variables from the original to the reduced time
domain before solving the stochastic CDS problem, while maintaining
the information on the chronology of time steps so that the obtained
scheduling is feasible even in the presence of storage. Further, we eval-
uate how applying DoF reduction selectively to the scheduling variables
affects the optimal solution; this represents another element of novelty
of this work.

The remainder of the article is structured as follows: Section 2
presents the methodology; Section 3 the considered process and case
studies, while Sections 4 and 5 the optimization results and the conclu-
sions. Additional modeling assumptions and results are provided within
the Appendix A and Supporting Information.

2. Methodology

In stochastic CDS problems (OP1), the weighted sum of the sce-
nario objective functions Obj, over the N, scenarios is minimized
with respect to first-stage or design (d) variables and second-stage or
scheduling (s,) variables subject to equality (k,) and inequality (g,)
constraints. Obj,,, &, and g, can depend on the input scenario ¢, € RNts
with Nqg time steps:

Nscen
min < 2:‘1 P, - Obj, (d, s,,<c,,>>>
s.t.
h(d, 5,(€,)) =0 n
8n(d, 5,(¢c,)) <0 n

(OP1)
N,

0 scen

N,

" scen?

1,..
1,..

where p € RVsen are the scenario probabilities, and d € RNdesignvar
and s € R"seenNscheautingvarXNTS. the optimization variables with Ngegign var
and Ngequiingvar D€Ing the number of design and scheduling variables,
respectively. Also, note that we consider uncertainty between the sce-
narios, but not between the scenario time steps, i.e., the full sequence
of Npg values within each scenario ¢, is assumed to be known.

To solve computationally challenging TSO problems with high num-
bers of scenarios and relatively long time horizons, we combine two
strategies: (1) the reduction of the scenario space via clustering and (2)
the reduction of DoFs related to the scheduling variables. Note that, in
our case, each scenario ¢, is a time series with Npg time steps each,
and both its size and the number of DoFs scale with the time horizon.
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Fig. 1. Overview of the main approaches for either single scenario or reduced scenario space generation from an input time series, which is displayed in blue.
The main clustering approach investigated within this work is displayed in bold. Note that, in contrast to generated scenarios, selected scenarios are data slices

that belong to the input time series.

2.1. Scenario clustering

The underlying assumption of scenario clustering is that the opti-
mizer chooses similar process designs for scenarios with similar char-
acteristics. Thus, the scenarios can be grouped into Ny, 4 clusters
according to their similarities. Then, a representative scenario c, for
each cluster » can be selected (or generated), and its probability p.q,
evaluated based on the cluster size: ¢ € RNsenredXNTs and p , €
RMscenred, i.e., the matrix and the vector with all representative sce-
narios and their probabilities, respectively, are the input of the TSO
problem (OP2):

Nicen, red
[(Iil’lg Zl Predn * Ob.]n(d’ S"(Cn))
n=
st (OP2)
h,(d, s,(c,) =0 n=1,..., Nyen red
g,d, s,(c,) <0 n= lv"'stcen,red’

where de RNdesignvar and s E RNscen.l‘edXNschedulingvarXNTS.

To identify the cluster centers and their probability via feature-
based clustering, N, features are first extracted from the scenarios
to generate an input matrix B € RNFeawreXNscen, Then, k-medoids cluster-
ing is used to identify the sub-matrices of B, i.e., the clusters, and the
cluster centers, which are columns belonging to the sub-matrices of B.
The cluster centers, i.e., the scenario features, are used as fingerprints
to identify the corresponding scenarios, which represent the input
for (OP2) (see the example in Fig. 2 where mean and standard deviation
are used as features).

For feature-based scenario clustering, we considered several fea-
tures: the first four central moments, i.e., mean, standard deviation,
skewness, and kurtosis; the mean of the absolute change between
consecutive time steps, which can be a significant indicator for storage
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technologies; and the principal components determined via PCA. Fur-
ther, the combination of some of these features was also considered.
More features would be available for scenario clustering, e.g., features
belonging to the spectral domain (Barandas et al., 2020). Nevertheless,
we opted for features that are either directly interpretable such as
the mean or can be obtained via established data analysis methods,
e.g., PCA.

Finally, we benchmarked feature-based clustering against k-medoids
and k-means applied directly to the time series of the scenarios, which
is the state-of-the-art clustering approach. For an overview of the
considered clustering approaches refer to Appendix A.1.

2.2. Degrees of freedom reduction

The underlying assumption of DoF reduction applied to scheduling
variables is that the optimizer chooses similar scheduling variable val-
ues for similar values of the time-dependent input, e.g., the electricity
price. Thus, the input time series can be clustered based on its values,
and each scheduling variable is then assigned one DoF for each of these
clusters only, instead of one for each of the Npg time steps.

DoF reduction is performed by linearly mapping the scheduling vari-
ables from the original time domain to the reduced time domain, thus
decreasing the number of distinct scheduling variable values as done,
for instance, in Schéfer et al. (2020a) (see an exemplary sketch in Fig.
3). Moreover, this approach maintains memory of the chronological
order of time steps and ensures optimal scheduling feasibility in the
original time domain, even when storage is present, since the model
equality and inequality constraints related to storage can be kept in the
original time domain. However, it does impose a restriction compared
to the original optimization problem, as it enforces patterns between
scheduling variables that can lead to suboptimal (although feasible)
solutions of the original problem (Fig. 3).



S. Mucci and D. Bongartz

1{\
Cluster 1
Cluster 2
0.8 Cluster 3
Cluster 4
Cluster 5
< 067! o Medoids
Q
204
0.2 .
0
0 0.2 04 0.6 0.8 1
Mean / -

(a) Feature-based clusters.

Chemical Engineering Research and Design 223 (2025) 311-330

N W
o o
o o

A -

-
o
o O

-200 [ |——Cluster 1, p=0.192
—Cluster 2, p=0.151
—Cluster 3, p=0.195
——Cluster 4, p=0.460

—Cluster 5, p=0.003

-300

Electricity price / (€ MWh™")
)
o

-400

-500
0

5 10 15

Time/ h

20 25

(b) Scenario cluster profiles.

Fig. 2. Example of feature-based scenario clustering via k-medoids with respect to mean and standard deviation of day-ahead electricity prices for Germany in
the year 2023 (ENTSO-E Transparency Platform, 2024). In Figure (a), the normalized mean and standard deviation are shown, where each dot corresponds to a
scenario derived from a 24 h time slice of day-ahead electricity prices, as well as the five clusters and cluster medoids. In Figure (b), the day-ahead electricity

prices corresponding to the cluster medoids, which represent the reduced scenario space, are shown as well as their probability.

(For interpretation of the

references to color in this figure legend, the reader is referred to the web version of this article.)

The described DoF reduction via linear mapping can be applied to
all scheduling optimization variables. This option significantly reduces
the number of optimization variables but, as mentioned above, might
affect the optimization results, especially when the scheduling variables
do not have a strong dependency on the input time series used for
the linear mapping. This case can occur when intermediate decoupling
storage is present, since DoF reduction does not account for the in-
termediate storage level, thus underestimating its utilization potential
when performing scheduling. In this work, we therefore also evaluate
the option of applying DoF reduction selectively to some scheduling
variables, thus excluding the remaining ones from the linear mapping.

The optimization problem in the reduced scenario and DoF spaces
can be represented as in (OP3):

N,

scen, red
In_in Predn * Ob.]n(d’ sa(c,)
d.Sgor | A
st (OP3)
sn(cn) = Adof,n : gdof,n(cn) n= 1’ tres Nscen,red
hn(d’ sn(cn)) =0 n=1,..., Nscen,red
g,(d, s,(c,)) <0 n=1,..., Nyen, red
where d e RNdssign var - g e RNscen.redXNscheduling varXNTS’ Sdof e

IR Nscenrea Nycheduting var XNaof.sehed | and  Nyo eneq 1S the number of DoFs per
scheduling variable, which is chosen to be much smaller than Nqg.
The scheduling variables s, are linearly mapped to the scheduling
variables in the reduced DoF space §4, , via the matrix A ,. Note
that, when DoF reduction is performed selectively, the linear mapping
of the scheduling variables is applied only to some of the N
distinct scheduling variables.

After implementing and testing several equivalent model formula-
tions to embed DOF reduction (see Section 1 of Supporting Informa-
tion), we opted for a reduced-space formulation (Bongartz and Mitsos,
2017). In this way, we not only reduce the number of DoFs via the
linear mapping as equality constraints but also explicitly eliminate
s, via this mapping. This approach reduces the number of variables
and constraints in the optimization problem, and thus its size. This
can potentially reduce the computational time of solvers for large
optimization problems.

DoF reduction is applied to the scheduling variables of each scenario
cluster ¢, independently. To determine the linear mapping matrix Ay,
we apply k-medoids to the normalized input scenario time series.

cheduling var
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Further, we tested two approaches for generating the linear mapping
matrix Ay, using k-medoids including and excluding the extreme
values of the input time series. In the latter case, we assigned two
DoFs to the lowest and highest values of the original time series, and
then created Ny peq — 2 clusters via k-medoids with the remaining
values of the input time series. This choice is motivated by the fact that
a few extreme hours can significantly affect the representativeness of
the reduced time series (Teichgraeber and Brandt, 2020; Kotzur et al.,
2018; Teichgraeber et al., 2020; Merrick, 2016) and a special handling
of those might be beneficial.

Finally, although the best number of DoFs could be determined
while optimizing, e.g., by applying wavelet grid adaptation (Schéfer
et al., 2020a,b; Papadimitriou et al., 2023), we chose the number of
DoFs after preliminary analyses to avoid introducing an iterative loop
with TSO problems to solve.

2.3. Implementation

The above-described methodology and the two-stage stochastic opti-
mization problems were implemented and solved in Matlab and GAMS.
In particular, data processing, scenario clustering, and DoF reduction
were performed in Matlab ex-ante, while the deterministic equivalent
of the TSO problems was implemented in GAMS and solved with the
global optimizer BARON 23.6.22 (Khajavirad and Sahinidis, 2018).

The information about the scenario clusters and the linear mapping
matrix was passed from Matlab to GAMS through GAMS data exchange
files (.gdx files) and Excel data sheets. Further, GAMS was called di-
rectly from MATLAB to solve the optimization problems, thus making it
possible to embed the optimization problems in iterative loops, e.g., for
a sensitivity analysis with respect to the number of scenario clusters. A
CPU time limit of 4 h and 12 h was imposed for the optimization runs
with a daily and weekly scheduling horizon, respectively.

The code is made available in the Supporting Information for the
implementation details.

3. Case studies

The above-described methodology was applied to the deterministic
equivalent of a TSO problem that simultaneously optimizes the design
and scheduling of a PtMeOH process with intermediate storage.
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Fig. 3. Exemplary sketch of DoF reduction that conserves time step chronology. In Figure (a), where no DoF reduction is performed, the scheduling variable s()
can have a different value at every time step. In Figure (b), the input time series values, i.e., the electricity prices Cgp(r), were assigned to three groups (indicated
with the shaded areas), and the scheduling variable s(r) are constrained to have the same value for each time step in which the input values belong to the same
group. However, the value of the scheduling variable for each group can be optimized. Thus, there are three DoFs in this example.

Note: The groups in the input time series value range and the corresponding scheduling variable value are displayed in the same color.

(For interpretation of

the references to color in this figure legend, the reader is referred to the web version of this article.)
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Fig. 4. Sketch of the Power-to-Methanol process considered for the stochastic CDS problems. The design and scheduling optimization variables are displayed in
green and light blue, respectively. Note that the sizes of the renewable power plant (PPy;,, and PP, ) are optimization variables only for the stand-alone case
study. Also, the power that is supplied back to the grid (P,_,4(t)) is an optimization variable only for the grid-connected case study. Refer to Table 1 for more
details on the optimization variables. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

The considered PtMeOH process is composed of five units, namely,
a battery, a PEM water electrolysis (PEMWE) unit, a mechanical hy-
drogen compression unit, a pressurized vessel for hydrogen storage,
and a methanol synthesis plant (Fig. 4). In particular, the PEMWE
unit produces hydrogen, which is then compressed in a two-stage
mechanical compressor before being fed into the pressurized hydrogen
vessel. A certain hydrogen flow rate is taken from the vessel and then
combined with a stoichiometric CO, flow rate to synthesize methanol.
Additionally, the battery can store energy when electricity prices are
favorable or there is a surplus of renewable power in the grid-connected
and stand-alone case study, respectively. The energy stored in the
battery will be provided at a later time either to the PtMeOH plant
or the grid depending on the case study and the economics.

The process model is an MINLP to account for the operating limits
and nonlinearities of the process unit efficiency and energy demand
as well as the cost correlations. Also, the model is quasi-steady state
due to the relatively fast dynamics of the key process units (Mucci
et al.,, 2023b; Kopp et al., 2017; BSE engineering, 2025) compared
to the considered time step (1 h), and is taken from our previous

work (Mucci et al., 2023a). Furthermore, we assume a maximum hourly
ramp rate of 10% for the methanol synthesis plant, which is lower than
typical capabilities (BSE engineering, 2025), since moderate flexibility
already provides most of the economic benefits (Mucci et al., 2023a).
A few modifications to the PtMeOH model (Mucci et al., 2023a) were
made to reduce the number of intermediate variables and update the
unit investment costs with respect to inflation to the year 2023 (see
Appendix A.2 for additional details).

The input scenario space for the TSO problems was obtained by
slicing a one-year input time series of electricity prices and renewable
power generation for Germany from 2023, thus being consistent with
the considered economic data. In particular, daily and weekly scenarios
with hourly resolution were extracted from the input time series. For
weekly scenarios, 359 profiles composed of seven consecutive days
were obtained by slicing the yearly time series and shifting the starting
day. This choice increases the possibilities of the scenario clustering
algorithm to determine representative profiles, since the scenarios do
not necessarily start on the same day of the week.

The chosen time horizons enable evaluating storage utilization ben-
efits, as the profiles capture significant profile variations, e.g., between
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Box I.

working days and weekends for the electricity price, and assessing
whether investing in large capacity storage instead of small capacity
storage is worth it. Although even longer time horizons could provide
more insights, we did not consider them because we target a methanol
process with a nearly continuous demand throughout the year, e.g., to
serve a downstream process. Additionally, it would have increased nu-
merical complexity and weakened the assumption of perfect knowledge
of scenario time step sequences, since long-term profile predictions
suffer from poor reliability.

Further, solving TSO problems for other input scenario data, e.g.,
considering several years (Poncelet et al., 2017; Pfenninger, 2017),
could potentially increase the confidence in the obtained optimal pro-
cess designs. However, the input scenario sets remain uncertain, since
there is no guarantee that the considered scenarios will actually occur
in the future. Therefore, this type of analysis is out of scope of this
work.

In the following subsections, we provide additional details on the
two considered case studies: a grid-connected and a stand-alone Pt-
MeOH process.

3.1. Grid-connected Power-to-Methanol process

Concerning the design, the nominal sizes of the battery, PEM water
electrolyzer, compression unit, hydrogen storage, and methanol synthe-
sis plant, which is defined in terms of the nominal hydrogen flow rate,
are optimized. Note that the pressure of the PEM water electrolyzer is
not a design variable but is set to 40 bar differently from our previous
work (Mucci et al., 2023a). Concerning the scheduling, the power flows
in the battery and PEM water electrolyzer as well as the hydrogen outlet
flow rate from the hydrogen storage are optimized. The considered
optimization variables can be found in Table 1 and are displayed in
Fig. 4.

The objective function considered is the levelized cost of methanol
(LCOM) (see the equation in Box I), where CAPEX, is the initial
investment cost, O&M the operation and maintenance costs, OPEX, ,
the yearly operating costs for the scenario c,, and N, the plant lifetime.
The investment cost for replacing the electrolysis unit (CAPEX, pgy)
is also considered. Thus, the objective function captures the trade-off
between the investment and O&M costs, which depend on the design
variables, and the weighted sum of the yearly operating costs, which
depend on both design and scheduling variables. The operating costs
calculated via the scheduling over the considered time horizon are then
proportionally scaled to meet the number of yearly operating weeks
(48 w/y).

We neglected the additional costs related to electricity taxes and
grid balancing, which can be significant (BDEW Bundesverband der
Energie- und Wasserwirtschaft, 2025) but are generally location-
dependent. Thus, the calculated levelized cost of methanol represents
an underestimation of the production price.

Differently from our previous work (Mucci et al., 2023a) where the
yearly methanol production rate (Mo, ) Was the result of the opti-
mal process scheduling, a yearly production goal of 50 kt is considered
to ease comparability between process designs obtained with different
clustering approaches and to reduce the nonlinearities of the objective
function. Therefore, the denominator of the objective function does not
depend on any optimization variables. The production goal is enforced
via an inequality constraint to reduce the numerical complexity via
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relaxation. This simplification is possible since we assume that as much
power as needed can always be taken from the grid.

When considering daily scenarios, the scheduling variables were
kept in the original time domain, thus avoiding suboptimal solutions
of the original problem, since it could be handled numerically. In
contrast, when considering weekly scenarios, DoF reduction for the
scheduling variables was performed to reduce the numerical complexity
(see Section 2.2). In particular, we applied k-medoids clustering to the
electricity price scenarios of the reduced scenario space to determine
the linear mapping matrix.

3.2. Stand-alone Power-to-Methanol process

In addition to the design variables considered for the grid-connected
case study, the size of a PV and wind power plant is optimized. Con-
cerning the scheduling, the power flows in the battery and PEM water
electrolyzer as well as the hydrogen outlet flow from the hydrogen
storage are optimized. In addition, renewable curtailment is considered
as it can reduce the production cost in stand-alone plants (Svitni¢ and
Sundmacher, 2022; Mucci et al., 2023a). The considered optimization
variables can be found in Table 1 and are displayed in Fig. 4.

The stand-alone PtMeOH process is also optimized with respect
to the levelized cost of methanol. In contrast to the grid-connected
case study, however, no yearly production target was enforced for
each scenario since the methanol production depends on the renewable
power availability of the scenario. In fact, a big renewable power plant
would be needed to meet a certain production target for scenarios with
low capacity factors of the renewable power plant, while the same plant
design would be either infeasible or highly oversized for scenarios with
high capacity factors. Therefore, an average production target over the
considered scenarios was set:

N

scen,red

MMeOH. y = Predn MMeOH, y.n(d’ sn) € [50’ 55 kt]

n=1
Additionally, a minimum yearly production rate of 5 kt was set for
every scenario.

In analogy to the grid-connected case study, we performed DoF
reduction only for the weekly scenarios by applying k-medoids to
the weekly renewable power generation scenarios. Note that a guess
on the size of the renewable power plants (design variables PPpy
and PPy;.), €.8., from preliminary optimization runs, is needed to
obtain the renewable power generation profile for every scenario prior
performing DoF reduction, since this profile depends on the share of
solar vs. wind power. Moreover, when performing a sensitivity analysis
with respect to the number of scenario clusters, the optimal values
from the previous optimization run with a lower number of scenario
clusters were assumed as initial guesses (the optimal PPpy and PPy;,q
from the sensitivity analysis in Section 4.2.1 were assumed as a guess
for the optimization with the lowest value of scenario clusters). This
choice allows considering up-to-date information for clustering, but can
introduce approximation errors in the case such design variables (PPpy
and PPy;,4) change their value significantly with respect to the scenario
cluster number.
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Design and scheduling variables of the optimization problem for the grid-connected and stand-alone case studies with their upper and lower bounds.

Unit Symbol Description of the design variable Lower bound Upper bound

PV plant® PPpy Nominal power peak of the PV power plant 50 MW 250 MW

Wind plant® PPying Nominal power peak of the wind power plant 100 MW 300 MW

Battery Eyp nom Energy capacity 5 MWh 150 MWh

PEM-WE Nooa Number of electrolysis modules 25 40

H, compression nax Maximum pressure ratio 1.88 3.50

H, storage 14 Volume of the vessel 50 m? 1500 m?

MeOH plant [T Nominal H, flow rate for the methanol synthesis plant 1.2 t/h 1.8 t/h

Unit Symbol Description of the scheduling variable Lower bound Upper bound

Battery N0 Power input 0.5 MW" min(100 MW, (0.9 - E; yom/in))
Pygria(® Power output, electricity back to the grid (AC) 0.5 MW" min(100 MW, (0.9 - Ey, yom/mm))
Py ppm(®) Power output, electricity to the electrolyzer 0.5 MW" min(100 MW, (0.9-E, ,,,,/1h))

PEM-WE Py pem (1) Power directly from the grid/renewable plant 0.5 MW -N,,,," 2.5 MW -N,

H, storage ting, on @ H, flow rate from storage to the methanol synthesis plant 0.2 tirgy, | nom [t R

a Design variable considered in the stand-alone Power-to-Methanol case study only.
b 0 MW if the unit is not operating - enforced via binary variables (not shown).
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Fig. 5. Levelized cost of methanol (LCOM) for the grid-connected case study for different numbers of daily scenario clusters and clustering approaches. Left:
Single-feature clustering via k-medoids based on mean, standard deviation (StD), skewness (Skew), kurtosis (Kurt), the mean of the absolute variation between
consecutive time steps (AbsVar), and principal components (PCs). Middle: Multi-feature clustering via k-medoids based on the previously mentioned features.

Right: k-medoids and k-means applied to the original time series.

4. Results and discussion

In the following, Sections 4.1 and 4.2 compare the clustering ap-
proaches for daily and weekly scenarios, respectively. Moreover, the
latter investigates the effect of applying DoF reduction selectively
to some scheduling variables. Finally, the results are discussed in
Section 4.3.

4.1. Daily scenarios: Effect of clustering approaches and number of scenario
clusters

In this subsection, we compare the considered feature-based sce-
nario clustering approaches (see Table A.1) for a different number of
daily scenario clusters (N, ;q) With hourly resolution for the grid-
connected Power-to-Methanol process. N, s Was varied since the
number of scenario clusters needed to represent the original scenario
space properly is not known in advance. Also, we considered a daily
scenario horizon to maintain an acceptable numerical complexity, thus
avoiding suboptimal solutions due to DoF reduction and isolating the
effect of the scenario clustering approach and N, ,q on the objective
function (Fig. 5).

When the scenarios are clustered based on a single feature, the
objective function varies quite significantly with respect to the number
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of scenario clusters. This means that single-feature scenario clustering
is not able to identify representative scenario subsets and probabilities
for low N, req- Among the considered features, the mean value of
the scenario time series provides an objective function that is the
least dependent on N, q- This result suggests that the mean is
the most relevant feature to estimate the production cost. This result
was expected since the average electricity price (and renewable power
availability for a stand-alone case study) directly affects the operating
costs.

When several features are simultaneously considered for clustering,
the objective function remains nearly constant with respect to Ny, reds
thus meaning that a limited amount of clusters, e.g., nine (<3% of
the original scenario space), is sufficient to estimate the LCOM for
the considered case study. Further, multi-feature clustering always
outperforms single-feature clustering, since the objective function is
less dependent on N, q; thus, the latter has not been considered
when investigating longer time horizons in Section 4.2.2.

No major differences can be noticed between the multi-feature
clustering approaches, except for the one using the first two principal
components extracted from the original scenario time series. Thus, the
most relevant eigenvalues calculated from the input time series seem
to be less important than other features, e.g., the central moments, to
estimate the methanol production cost with low N, req-
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Fig. 6. Optimal solution of the two-stage stochastic problem for a stand-alone Power-to-Methanol plant when considering three weekly scenario clusters (the
three rows) and different time series aggregation strategies, i.e., no DoF reduction (Figure (a)), 12 DoFs where all scheduling variables are mapped (Figure (b)),
12 DoFs where only Py, pgy(t) and P, (1) are mapped (Figure (c)), and 48 DoFs where all scheduling variables except for rry, () are mapped. The renewable
energy that is directly used in the Power-to-Methanol plant, the energy stored in the battery, and the curtailed renewable energy are displayed. The figure shows
that either DoF reduction applied to a few scheduling variables with a relatively low number of DoFs (Figure (c)) or DoF reduction applied to most scheduling
variables with a higher number of DoFs (Figure (d)) is necessary to properly match the optimal solution of the problem where no DoF reduction is performed.
(For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

When the input time series are directly clustered (k-means and
k-medoids approaches), the objective function value is nearly inde-
pendent with respect to the scenario cluster number, similarly to the
results obtained with multi-feature clustering. Moreover, these objec-
tive function values are similar to the ones obtained with multi-feature
clustering.

For the sake of completeness, we report the results of the optimal
design variables as well as the results of the same analysis conducted
for the stand-alone case study, which has similar outcomes, in Section 3
of Supporting Information.

4.2. Weekly scenarios

Differently from the TSO problems solved for daily scenarios (Sec-
tion 4.1), we apply DoF reduction to reduce the optimization problem
sizes related to the longer time horizon considered in this subsection,
i.e., a week. Therefore, this subsection first investigates selective DoF
reduction as a trade-off between numerical complexity and solution
accuracy, and then compares the clustering approaches for different
numbers of scenario clusters.

4.2.1. Degrees of freedom reduction

In the following, we present the results of DoF reduction for the
stand-alone PtMeOH case study with three weekly scenarios identified
via multi-feature clustering based on the first four central moments.
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Note that the chosen clustering approach does not significantly affect
the choice of the number of DoFs since the same input profiles are
considered for all cases. Moreover, the power generation profiles were
taken from the optimization problem with three scenario clusters solved
without applying DoF reduction (Fig. 6(a)). This simpler problem was
chosen to be able to compare the results of DoF reduction to the exact
solution.

The results in Table 2 show that a relatively high number of DoFs
is needed to properly estimate the objective function of the optimiza-
tion problem in the original time domain: around 24 DoFs for each
scheduling variable to achieve an objective function value difference
below 2%. In fact, when only a few DoFs are considered, a relevant
amount of energy is curtailed, since the power consumption profile
does not properly follow the renewable availability profile as shown in
Fig. 6(b). This is mainly due to the model constraint that enforces an
energy consumption either equal to or lower than the generated energy
summed with the energy taken from the battery at every time step.
In contrast, a significantly lower DoF number is sufficient to estimate
the objective function of the optimization problem in the original
time domain for the grid-connected case study, which can always take
enough power from the grid, as shown in Appendix A.3.

Concerning the different ways of assigning DoFs, Table 2 shows
that assigning DoFs to the extreme values of the input time series to
generate the linear mapping is not beneficial for the considered case
study, i.e., it leads to a higher LCOM. This might be due to the relatively
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Comparison of the objective function and the design variable values for different DoF reduction approaches applied to a two-stage stochastic problem of a
stand-alone Power-to-Methanol process with intermediate storage. Three renewable power scenario clusters of 168 h each are considered. The number of model

variables as well as the NL_.,
CPU time. No global optimality was achieved.

a GAMS indicator of the complexity for handling model nonlinearities, are also displayed. The results were extracted after 6 h

Nyof sched Mapped scheduling variables Specific cost Average MeOH Eny, Vv Niod Brnax L - Model variables NLqc
of MeOH production

- €/kg kt/y MWh m? - - t/h - -

168 None 1.36 50 20 350 34 3.1 1.60 9097 36 433
12 All variables 1.55 47 132 1157 33 3.5% 1.90° 3481 16 309
12 bAll variables except for g, o 1.61 43 92 1100 31 3.57 1.40 4417 16 309
12 All variables except for titg, o (@0 1.54 48 135 1280 34 3.5% 1.51 4417 16 309
12 Pypem(®) and P, (1) 1.42 50 102 250 34 2.5 1.62 7225 33 625
24 All variables 1.43 49 13 1480 35 3.5° 1.90% 3913 17 857
24 All variables except for ry, (1) 1.40 50 42 680 35 3.5% 1.61 4777 17 857
24 Py pev() and P (1) 1.38 51 36 480 35 3.57 1.63 7369 33 841
36 All variables except for g, on @ 1.39 50 19 930 36 3.5¢ 1.63 5137 19 405
36 Pyirppm () and P (1) 1.38 50 17 750 35 3.57 1.61 7513 34 057
48 All variables except for riny, (1) 1.38 49 26 455 33 3.57 1.54 5497 20 953
48 Pyppn (0 and P (1) 1.38 51 23 710 36 3.5 1.65 7657 34 273

2 At bound.

b The extremes have a dedicated DoF.

long scenario duration and the input time series: the longer the time
horizon, the higher the chances that several peaks or valleys assume
similar values (see for instance the power profile in the second row
of Fig. 6). Therefore, two DoFs would probably be assigned to these
peaks and valleys instead of one if the extremes are handled differently.
This can affect the solution, especially when few DoFs are considered.
Thus, this option has not been considered for the results shown in
Section 4.2.2.

Concerning the possibility of assigning DoF selectively to the
scheduling variables, Table 2 shows that the objective function and
optimal designs significantly differ for the same number of DoFs. In
particular, the fewer scheduling variables are mapped through DoF
reduction, the lower the objective function and the closer the optimal
design to the design of the benchmark case, i.e., without DoF reduction.
This is mainly because the mapping introduces a strong correlation
between scheduling variables. However, this correlation might not hold
when the scheduling variables do not directly depend on the input time
series used for clustering, i.e., the power generation profile, and there is
intermediate storage. In fact, the linear mapping is performed without
including any information on the storage level, which might affect the
optimal process design. Therefore, performing selective DoF reduction,
e.g., excluding the scheduling variables that are directly connected to a
storage technology (Fig. 6(c) and (d)), provides better solutions while
still significantly reducing the numerical complexity (Table 2).

Applying DoF reduction only to the power provided to the battery
(P,(») and to the PEM water electrolyzer (Py,ppm(f)) shows better
results compared to the case where all scheduling variables besides
M, eopnom aT€ mapped (Fig. 6(d)). Nevertheless, this leads to a higher
numerical complexity when comparing the number of optimization
variables and the number of instructions to handle nonlinearities:
+28% of optimization variables and +39% NL_. increase for an
improvement of the objective function lower than 1% (see results for
Nyof.sched = 48 in Table 2). Thus, a number of degrees of freedom
of 48 and the mapping of all scheduling variables besides sy, .. nom
represent a good trade-off between number of optimization variables
(—40%) and model accuracy (difference in the objective function value
lower than 2% compared to the case where no DoF reduction is
applied).

4.2.2. Effect of clustering approaches and number of scenario clusters
In the following, we compare the optimization results of the stochas-
tic CDS problems solved with different scenario clustering approaches
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for different weekly scenario cluster numbers and applying selective
DoF reduction for both case studies. In particular, we evaluate the effect
of clustering on the objective function and design variables.

To evaluate whether the clustering approaches can identify rep-
resentative scenario subsets and weights and estimate the objective
function value of the full TSO problem, which itself is computationally
intractable, we solved a relaxed TSO problem for the full scenario
space without DoF reduction using the local optimizer SNOPT 7.7.7
(see Section 2 in Supporting Information for details on the model).
Unfortunately, an optimal solution of the relaxed problem, which is
an under-estimation of the original problem, was obtained only for
the grid-connected PtMeOH case study; for the stand-alone case study,
the optimizer did not identify a feasible solution within a CPU time of
3 days.

4.2.2.1. Grid-connected Power-to-Methanol process.

Objective function

In Fig. 7, we show how the objective function evaluated on the
reduced scenario space varies with respect to the number of scenario
clusters for different clustering approaches.

When multiple interpretable features, namely central moments,
are considered for clustering, the levelized cost of methanol (LCOM)
is almost independent of the number of clusters in the considered
range, thus meaning that a limited number of representative scenarios,
e.g., five (ca. 2% of the original scenario space), is sufficient to esti-
mate the objective function value for this case study. In contrast, the
objective function shows a strong dependency on N, ., when multi-
feature clustering is performed with the first two principal components
of the scenarios. In this case, the objective function varies significantly
even with relatively high N, .4 (this behavior was already observed
for daily scenarios as shown in Fig. 5). Moreover, the objective function
value is on average significantly lower than the one obtained for the
other clustering approaches, thus meaning that this clustering approach
does not identify suitable scenario subsets and probabilities to estimate
the objective function for the considered case study and N, 4 range.

The LCOM obtained with scenarios clustered via k-medoids and
k-means applied to the input time series shows the least dependent
behavior with respect to N, . among all the clustering approaches.
Nevertheless, the LCOMs obtained via multi-feature clustering are sim-
ilar to these, thus suggesting that feature-based clustering can identify
representative scenario subsets and scenario probabilities. Furthermore,
the LCOMs obtained via multi-feature clustering are closer to the LCOM
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Fig. 7. Levelized cost of methanol for the grid-connected case study for different numbers of weekly scenario clusters and clustering approaches. Left: Multi-feature
clustering via k-medoids based on mean, standard deviation (StD), skewness (Skew), kurtosis (Kurt), the mean of the absolute variation between consecutive time
steps (AbsVar), and principal components (PCs). Right: k-medoids and k-means clustering applied to the original scenario time series. Weekly scheduling horizons
and DoF reduction (N neq = 18) are applied. The black dotted line represents the under-estimator of the original two-stage stochastic problem.

obtained by solving the relaxed TSO problem, thus being closer to the
best estimation available of the objective function of the original TSO
problem (see Fig. 7).

Design variables

Despite an objective function that is nearly independent of N, reqs
the design variables still exhibit mild variations when increasing the
number of scenario clusters for all clustering approaches (see, for
instance, the hydrogen flow rate to the methanol synthesis plant in Fig.
9). This behavior was already observed, for instance, by Teichgraeber
and Brandt (2020) and can be due to several reasons: approximations
due to scenario clustering and DoF reduction; the lack of global conver-
gence; and the fact that several plant designs can have similar objective
function values. The latter can be confirmed by fixing the process
designs obtained by solving the reduced stochastic CDS problems and
then solving stochastic scheduling problems in the original scenario and
DoF spaces (Fig. 8). For further analysis on the relationship between
design variables and objective function in the original scenario and DoF
spaces, we refer to Mucci and Bongartz (2025).

The variations of the design variables with respect to N, 4 are
lower when multi-feature clustering instead of k-medoids and k-means
applied directly to the input time series is performed and a sufficiently
high number of clusters is considered (see, for instance, Fig. 10).
Furthermore, these variables are on average less dependent on Ny, req
when it is higher, e.g., than nine, and their values are quite similar
across the multi-feature clustering approaches. Moreover, the process
designs identified via multi-feature clustering (and selective DoF re-
duction) perform on average slightly better for the considered case
study (Fig. 8). This suggests that the proposed methodology generates
reduced S-CDS problems that preserve the key characteristics of the
original S-CDS problem, thus allowing identifying promising design
candidates.

Similarly to what was observed for a daily time horizon (Sec-
tion 4.1), no multi-feature clustering approach clearly outperforms the
others in identifying process designs in the reduced scenario space.
Nevertheless, considering higher central moments, e.g., up to kurtosis,
for clustering leads on average to relatively similar results within
the considered N, 4 range. Interestingly, multi-feature clustering
based on principal components leads to process designs that are quite
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independent of N, ,.q despite the significant variation of the objective
function.

For the sake of completeness, the results of the sensitivity analy-
sis for the remaining design variables are reported in Section 4.1 of
Supporting Information.

4.2.2.2. Stand-alone Power-to-Methanol process.

Objective function

Fig. 11 displays the variation of the objective function evaluated
on the reduced scenario space with respect to the number of scenario
clusters for different clustering approaches.

In contrast to the grid-connected case study, the objective function
shows a larger dependency on the number of scenario clusters. In
particular, a higher N, .4 iS necessary to obtain values that are
less dependent on the number of clusters itself. This result aligns
with previous works (Merrick, 2016): the convergence in the objective
function needs more clusters when multiple stochastic variables are
simultaneously considered (the PV and wind power generation in this
case). Furthermore, such behavior can be partially explained by the
guess on the size of the renewable power plants to perform DoF reduc-
tion, which introduces an error when the respective design variables
also exhibit a dependency on N, 4 (see Section 3.2).

Further, the objective functions calculated through all clustering ap-
proaches do not always tend to the same value for the considered range
Of Neen red- This is particularly evident in Fig. 11 when comparing the
results for k-medoids and k-means applied directly to the input time
series. In fact, in contrast to k-medoids and multi-feature clustering, k-
means clustering seems to generate excessively smooth representative
scenario subsets, which are less suitable for estimating the objective
function value with low N, 4. Among the multi-feature clustering
approaches, the approach that considers the first four central moments
leads to the objective function that is the least dependent on N, req
when a sufficiently high number of clusters, e.g., eleven, are considered
(Fig. 11). Similarly to the grid-connected case study, the clustering
approach that considers the principal components performs the worst.

Design variables

Similarly to the grid-connected case study, the design variables
exhibit a dependency on the number of scenario clusters. In particular,
the size of the electrolysis, methanol synthesis, and storage units varies
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Fig. 8. Levelized cost of methanol for the grid-connected case study calculated by solving stochastic scheduling problems in the original scenario and DoF spaces
for the process designs identified by solving reduced stochastic combined design and scheduling problems (LCOMs displayed in Fig. 7) for different numbers
of weekly scenario clusters and different clustering approaches. Left: Multi-feature clustering via k-medoids based on mean, standard deviation (StD), skewness
(Skew), kurtosis (Kurt), the mean of the absolute variation between consecutive time steps (AbsVar), and principal components (PCs). Right: k-medoids and
k-means clustering applied to the original scenario time series. The black dotted line represents the under-estimator of the original two-stage stochastic problem.

Note that the same y-axis scale as in Fig. 7 is used.
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Fig. 9. Hydrogen flow rate to the methanol plant for the grid-connected case study for different numbers of weekly scenario clusters and clustering approaches.
Left: Multi-feature clustering via k-medoids based on mean, standard deviation (StD), skewness (Skew), kurtosis (Kurt), the mean of the absolute variation between
consecutive time steps (AbsVar), and principal components (PCs). Right: k-medoids and k-means clustering applied to the original scenario time series. Weekly
scheduling horizons and degrees of freedom reduction (N i.q = 18) are applied.

significantly even for relatively high N, ... In contrast, some design
variables, e.g., the nominal size of the PV and wind power plants, do
not vary significantly when increasing N, .4 (see for instance Fig.
12).

This variability in most design variables may be due to the input
renewable power generation time series and how the reduced scenario
set is obtained for relatively low N, 4. In fact, when increasing
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Nicen,red Starting from relatively low values, more extreme scenario
profiles are selected. For such scenarios, large-size storage is generally
more beneficial (Figs. 13 and 14), and this can affect not only the
production cost but also the optimal process unit size.

For the sake of completeness, the results of the sensitivity analysis
of the remaining design variables are reported in Section 4.2 of the
Supporting Information.
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Fig. 10. Hydrogen storage volume for the grid-connected case study for different numbers of weekly scenario clusters and clustering approaches. Left: Multi-feature
clustering via k-medoids based on mean, standard deviation (StD), skewness (Skew), kurtosis (Kurt), the mean of the absolute variation between consecutive time
steps (AbsVar), and principal components (PCs). Right: k-medoids and k-means clustering applied to the original scenario time series. Weekly scheduling horizons

and degrees of freedom reduction (N (qe.q = 18) are applied.
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Fig. 11. Levelized cost of methanol for the stand-alone case study for different numbers of weekly scenario clusters and clustering approaches. Left: Multi-feature
clustering via k-medoids based on mean, standard deviation (StD), skewness (Skew), kurtosis (Kurt), the mean of the absolute variation between consecutive time
steps (AbsVar), and principal components (PCs). Right: k-medoids and k-means clustering applied to the original scenario time series. Weekly scheduling horizons

and degrees of freedom reduction (N (q.q = 48) are applied.

4.3. Discussion

Complexity reduction method applicability and performance

As shown in the previous sections, the investigated methodology,
which combines feature-based scenario clustering with DoF reduction,
has been applied to a Power-to-Methanol process with intermediate
storage modeled as a MINLP. Nonetheless, this methodology can be ap-
plied to solve stochastic CDS optimization of other processes, e.g., other
Power-to-X processes and energy systems, and for different process
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models, e.g., MILPs. In fact, the considered complexity reduction tech-
niques are applied ex-ante: scenario clustering and the linear mapping
for DoF reduction are performed without any prior knowledge about
the process and model type, unless DoF reduction is applied selec-
tively. For the latter case, considering information about the process
is beneficial to select which scheduling variables should be linearly
mapped.

Despite the general applicability of this methodology, its compu-
tational performance against other complexity reduction techniques
might depend on the considered process and model type as well as
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Fig. 13. Battery capacity for the stand-alone case study for different numbers of weekly scenario clusters and clustering approaches. Left: Multi-feature clustering
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(AbsVar), and principal components (PCs). Right: k-medoids and k-means clustering applied to the original scenario time series. Weekly scheduling horizons and

degrees of freedom reduction (N sheq = 48) are applied.

solver, and it should therefore be evaluated on a case-by-case basis.
In fact, even for the same process model, the computational benefits of
using scenario clustering and DoF reduction are not always clear and
consistent, although they reduce the overall number of optimization
variables.

For the considered case studies, scenario clustering allows solving
approximations of the original stochastic CDS optimization problem,
for which BARON could not identify a feasible solution solvable within
reasonable computational times. Moreover, the computational time
needed by BARON to identify a feasible solution tends to increase
when the number of scenario clusters increases and no DoF is applied
(around 500 s, 2000 s, and 40000 s for the grid-connected PtMeOH
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case study with 3, 15, and 50 scenario clusters, respectively). How-
ever, it increases not monotonically when DoF reduction is applied
(around 500 s, ca. 20000 s, and 10000 s for the grid-connected
PtMeOH case study with 3, 15, and 50 scenario clusters, respectively).
Further, the use of DoF reduction does not always lead to improved
computational performance compared to considering the original time
domain for the same number of scenario clusters. Finally, its perfor-
mance seems to also depend on the considered solvers, which have
different algorithms to identify feasible solutions and calculate model
relaxations, and have been shown to react differently to reduced space
formulations of optimization problems (Karia, 2024).
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Fig. 14. Hydrogen storage volume for the stand-alone case study for different numbers of weekly scenario clusters and clustering approaches. Left: Multi-feature
clustering via k-medoids based on mean, standard deviation (StD), skewness (Skew), kurtosis (Kurt), the mean of the absolute variation between consecutive time
steps (AbsVar), and principal components (PCs). Right: k-medoids and k-means clustering applied to the original scenario time series. Weekly scheduling horizons

and degrees of freedom reduction (N seq = 48) are applied.

Clustering approaches: objective function vs. design variables

As shown for both grid-connected and stand-alone PtMeOH case
studies, feature-based clustering can identify representative scenario
subsets and probabilities to reduce the complexity of stochastic CDS
problems: the objective function of the stochastic CDS problem in
the reduced scenario and DoF domains becomes almost independent
from the number of scenarios clusters already when considering a
relatively low N, ..q (see for instance the grid-connected case study
in Section 4.2.2.1). In particular, considering the first four central
moments provides on average the best results among the investigated
multi-feature clustering approaches for both the grid-connected and
stand-alone case studies. Furthermore, multi-feature clustering per-
forms similarly or sometimes better than state-of-the-art clustering
approaches, e.g., k-means applied to the time series. However, the
best clustering approach is often problem-dependent (Kotzur et al.,
2018; Phillips, 2024). Thus, multi-feature clustering should be tested
for other case studies and time horizons in order to draw more robust
conclusions.

In contrast to the objective function, the process design variables
still exhibit a quite strong dependency on the number of scenario
clusters even at high N, ,.q- Nonetheless, these process designs, espe-
cially the designs identified via multi-feature clustering, perform well
in the original scenario and DoF spaces as shown for the grid-connected
PtMeOH case study (Fig. 8). One potential reason is that the objective
function captures the trade-off between investment and operating costs
and several process designs can lead to similar values (Conejo et al.,
2010; Merrick, 2016; Baumgértner et al., 2019a). This nexus between
the process design and objective function is investigated in more detail
in our recent work (Mucci and Bongartz, 2025).

Process design and operation implications

For both case studies and the considered economic assumptions
(Appendix A.2) and irrespective of the clustering approach, all optimal
process designs include oversizing the electrolysis and methanol syn-
thesis units as well as the presence of hydrogen storage, thus confirming
that PtMeOH processes should be designed to enable flexibility. The
oversizing tends to be slightly higher for the stand-alone case study

324

(ca. 20-30% vs. ca. 25-50% for the electrolysis unit of the grid-
connected and stand-alone case study, respectively; ca. 15-30% vs.
ca. 20-45% for the methanol synthesis unit of the grid-connected and
stand-alone case study, respectively). Nonetheless, the exact extent is
often different for the considered clustering approaches. Such differ-
ences can be due to the selection of representative scenario sets, the
approximations related to DoF reduction, and the fact that different
process designs can perform similarly well with respect to the objective
function.

The optimal designs have bigger electrolysis and methanol synthesis
units, as well as hydrogen storage (see Figs. 10 and 14), when multi-
feature instead of k-medoids and k-means clustering approaches are
considered. These process designs perform slightly better when solving
stochastic scheduling problems in the original scenario and DoF spaces,
as shown in Fig. 8 for the grid-connected PtMeOH process. These design
choices were expected when scenarios are clustered via k-means, since
it tends to smoothen the scenario profiles (Hoffmann et al., 2020;
Kotzur et al., 2018) (also see Fig. A.1). In contrast, they were not
necessarily expected for k-medoids clustering since it generally includes
more profile variations (Kotzur et al., 2018).

In all results, the optimal maximum pressure ratio of the compres-
sion unit is close to the upper bound to store as much hydrogen as
possible within the volume (see Section 4 of Supporting Information)
so that electricity price and renewable power generation fluctuations
can be better exploited to reduce the methanol production cost.

Under the considered economic assumptions (Appendix A.2), the
optimization results suggest that battery storage is not economically
beneficial for the grid-connected case study (value close to the lower
bound in Figure S14 in Supporting Information), but beneficial for the
stand-alone case study (Fig. 13). For the latter case, the large size
of the battery might be explained by the upper bound reached for
the hydrogen storage volume at high N, .4, €.8., 15 (Fig. 14). In
fact, hydrogen storage is generally preferred as storage medium over
batteries as shown for the grid-connected case study (Section 4.2.2.1)
and stand-alone case study with a daily time horizon (Subsection 3.2 of
Supporting Information), since it allows increasing the capacity factor
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of the downstream methanol synthesis plant. Nonetheless, the battery
might play a major role at time scales shorter than the considered time
discretization (1 h) and with the expected drop in their investment costs
as already shown in our previous work (Mucci et al., 2023a). Further,
the need for batteries might change in the case aging models for both
the battery and electrolysis units are considered (not investigated in
this work).

Finally, both power generation technologies are chosen by the opti-
mizer in a solar-to-wind ratio of ca. 1:2 for the stand-alone case study.
The combination of solar and wind power generation to minimize pro-
duction costs aligns with literature works, e.g., Svitni¢ and Sundmacher
(2022), and can be explained by the so-called complementarity of
renewables: solar power generation tends to be higher than wind power
generation in some periods of the year and vice versa, as shown, for
example, for Germany (Densing and Wan, 2022). Nevertheless, a direct
comparison between solar-to-wind ratios against other literature works
cannot be performed, since it depends on the considered cost models
and location.

Scenario horizon duration

When comparing the objective function variation within the con-
sidered N, q range and scenario horizon durations, the variability
of the objective function value differs between the grid-connected and
stand-alone case studies: for the grid-connected case study, the variabil-
ity is slightly lower when long time horizons are considered (compare
Figs. 5 and 7), while, for the stand-alone case study, it is higher when
long time horizons are considered (compare Fig. 11 and Figure S6
in Supporting Information). For the grid-connected case study, this is
most likely due to the frequency and duration of extreme events in the
profiles: they are generally rare and of limited duration, thus playing a
minor role over longer time horizons. For the stand-alone case study,
this may be due to the additional fluctuations that renewable power
generation has over longer time horizons combined with the increased
utilization of storage technologies.

As mentioned above, the scenario horizon duration can affect stor-
age size and its utilization. However, for the grid-connected case study,
the optimal storage size calculated for a weekly and daily time horizon
does not differ significantly (compare Fig. 10 and Figure S4 in Support-
ing Information). This result suggests that, for the considered PtMeOH
process and input scenario space, hydrogen storage is used to deal
with electricity price variations occurring within a few hours rather
than to store large quantities of hydrogen. In contrast, for the stand-
alone case study, the optimal size for storage calculated for a weekly
and daily time horizon is significantly different (compare Fig. 14 and
Figure S4 in Supporting Information). These results can be explained
by the possibility of using storage to accommodate variations in intra-
weekly renewable availability. Nonetheless, these assumptions should
be confirmed by investigating longer time horizons.

5. Conclusions

We investigated feature-based scenario clustering for different sets
of features (both interpretable and non-directly interpretable like cen-
tral moments and principal components, respectively) to reduce the nu-
merical complexity of multi-stage stochastic programming. We applied
this approach to a stochastic combined design and scheduling optimiza-
tion problem of a grid-connected and stand-alone Power-to-Methanol
process with intermediate storage.

For a daily horizon, we found that the mean of the scenario profiles
is the most relevant single feature for clustering to estimate the objec-
tive function. Nonetheless, single-feature scenario clustering is always
outperformed by multi-feature scenario clustering for both case studies,
in the sense that the latter can approximate the optimal objective value
well with fewer clusters.

For a weekly horizon, we found that multi-feature clustering based
on the first four central moments performs similarly or sometimes
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better than state-of-the-art clustering approaches, e.g., k-means, with
respect to the objective function. In particular, the objective function
exhibits a behavior that is almost independent of the scenario cluster
number already with a small number of clusters (less than 10% of the
original scenario space). A few more clusters are needed for the stand-
alone case study than for the grid-connected case study to capture the
correlation between the stochastic variables, i.e., solar and wind power
generation.

As opposed to the objective function, the optimal design variables
still exhibit a relatively strong dependency on the scenario cluster
number, although the variations are lower when clustering based on
several central moments, e.g., up to kurtosis. This might be due to
the fact that several process designs can lead to similar levelized costs
of methanol as shown for the grid-connected case study by solving
stochastic scheduling problems for fixed process designs, since this
objective function captures the trade-off between investment and op-
erating costs. Further, the process designs obtained via feature-based
clustering for relatively low scenario cluster numbers perform slightly
better in the original scenario and DoF spaces than those obtained via
k-medoids and k-means applied to the scenario time series.

Also, for the weekly horizon, we applied a degrees of freedom
reduction approach tailored for scheduling variables that maintains
the time step chronology memory to reduce the numerical complexity
further. We found that DoF reduction should be applied selectively only
to some scheduling variables, since the variable mapping introduces a
strong correlation that can affect the optimal process design.

Although we showed the potential and effectiveness of feature-
based clustering for single and multiple stochastic variables and dif-
ferent time horizons for TSO problems, the best clustering approach
is generally problem-dependent (Kotzur et al., 2018; Phillips, 2024).
Thus, feature-based clustering should be tested for longer time hori-
zons, input scenario sets, problem formulations, e.g., risk-averse instead
of risk-neutral optimization, and case studies. Nonetheless, using profile
features that directly affect either the operating costs or the renewable
power availability has the potential to perform well in other applica-
tions. Further, other features, e.g., belonging to the frequency domain
and accounting for the peak and valley positions of the profiles, may
also be worth investigating, since they can affect the scheduling.

Finally, while scenario clustering allows identifying representative
stochastic problems that are solvable within reasonable times, the
use of selective DoF reduction is not always numerically beneficial
for the considered case studies, although it significantly reduces the
number of optimization variables. This aspect could be affected by the
numerical solver and the optimization problem numerics. Therefore,
the computational improvements related to this approach should be
evaluated on a case-by-case basis.
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Table A.1
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Summary of the scenario clustering approaches for a single stochastic variable. Note that B is the matrix seen by the k-medoids

method, C is the matrix with the cluster medoids and centroids, Nyg, N.,, and N,

4 are the number of time steps per

scen, re

scenario, the number of scenarios, and the number of scenario clusters, respectively. Note that, for feature-based scenario clustering
(approaches 1-11), the cluster medoids are used to identify the corresponding scenarios.

# Approach Matrix B Matrix C

1 k-Medoids: Mean B € RN C € R *Necenrea
2 k-Medoids: Standard deviation (StD) B € RN C € R Nacenre
3 k-Medoids: Skewness B € R *Naen

4 k-Medoids: Kurtosis B € R *Naen o
5 k-Medoids: Mean absolute difference® B e R Nean C € R Nscenrea
6 k-Medoids: 1st principal component B € RN C € R Nsenrea
7 k-Medoids: Mean & StD B € R2XNwen C € R2*Necenrea
8 k-Medoids: Mean, StD, & Skewness B € R¥* N C € R3*Necenrea
9 k-Medoids: Mean, StD, Skewness, & Kurtosis B € R Nuan C € R**Naenrea
10 k-Medoids: Mean, StD, Skewness, Kurtosis, & Mean absolute difference® B € R3*Nwan C € R3*Nscenrea
11 k-Medoids: 1st & 2nd principal components B € R2*Neen C € R2XNuenrea
12 k-Medoids: full time series B € RNrs XNien C & RN1s X Nuenrea
13 k-Means: full time series B € RN1s X Nicen C € RV1s * Neenrea

2 Mean absolute difference = 3™ bO-xelt,
- -
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Appendix A

A.1. Considered scenario clustering approaches

In Table A.1, the considered scenario clustering approaches are
listed. In particular, the scenario clustering approaches 1-6 apply k-
medoids to single features, e.g., mean, extracted from the scenarios.
The scenario clustering approaches 7-11 apply k-medoids to a matrix
B where several features are combined. In contrast, the scenario clus-
tering approaches 12 and 13 apply k-medoids and k-means directly to
the original scenario time series.

Additional information on the size of the matrix B seen by the
k-medoids and k-means clustering approaches as well as the corre-
sponding cluster centers c is provided in Table A.1. Note that all cluster
centers obtained via k-medoids belong to B, thus meaning that the
scenarios corresponding to the centers belong to the original space,
differently from cluster centers obtained via k-means.

As expected, considering different features for clustering leads to
different scenario cluster centers and probabilities (see for instance Fig.
A.1, where the cluster centers of four exemplary clustering approaches
are shown).

A.2. Assumptions for the cost estimation of the Power-to-Methanol process
with intermediate storage

The investment cost of the compression unit and the methanol
synthesis plant is calculated according to the correlations in Biegler
et al. (1997), which have a level of accuracy of 25-40%, by considering
a corrective factor of 1.85 to account for fixed and working capital
costs and a correction for inflation to the year 2023 via the chemical
engineering plant cost index (CEPCI) (Maxwell, 2024). The investment
costs of the other process units are estimated similarly to our previous
work (Mucci et al., 2023a) by using technology-specific literature with
the values updated to the year 2023. No salvage value is considered.

A summary of the considered specific investment costs can be found
in Table A.2, while the main assumptions of the economic analysis are
summarized in Table A.3.
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A.3. Comparison of DoF reduction approaches

To determine a suitable number of DoFs, we solved the stochastic
CDS problems for the grid-connected case study with three weekly
scenarios obtained by clustering the electricity price profile for 2023
in Germany (ENTSO-E Transparency Platform, 2024) via k-medoids
applied on the original time series. This clustering approach was chosen
after preliminary optimization runs (see Section 4.1).

The results in Table A.4 show that reducing the DoF number
Nyof,sched from 168, i.e., the number of time steps Nrpg, to 12 is
already sufficient to approximate the objective function (error below
2% compared to the problem solved in the original time domain).
However, the optimal design differs when DoF reduction is applied.
In particular, the case where DoF reduction is applied to all scheduling
variables leads to an optimal solution with no storage (design variables
for storage at the lower bound).

As already noticed for the stand-alone case study (see Section 4.2.1),
the linear mapping introduces a strong correlation between scheduling
variables, e.g., the power of the electrolyzer and the hydrogen supplied
to the methanol synthesis plant (mHz,Mc o), thus leading to an optimal
scheduling in which the produced hydrogen is converted directly into
methanol instead of being partially stored in the hydrogen storage.

When the scheduling variable ) o @) 18 excluded from the linear
mapping, the optimization problem has more optimization variables
(3907 vs. 2971 for Ny, scnea = 12). Nevertheless, its solution shows the
need for hydrogen storage and the objective function is improved (see
Table A.4). The difference in the operation due to the hydrogen storage
can be noticed in Fig. A.2, e.g., in the different PEM electrolyzer power
demand, and by analogy the hydrogen production, and the hydrogen
flow into the methanol synthesis plant.

The scheduling variables of the battery could also have been ex-
cluded from the linear mapping. However, this option has not been
investigated here since the battery is often not chosen by the optimizer
and its operation directly depends on the electricity prices used for
defining the linear mapping matrix A,;.

For Ny schea = 18, the error in the objective function value is
below 1%, still achieving a reduction of the model variables higher than
50%. Thus, 18 DoFs were considered for generating the results of the
grid-connected case study shown in Section 4.2.2.1.

When sy, (1) is excluded from the linear mapping, the opti-
mization problems solved for different ways of distributing the DoFs,
i.e., excluding or not the time series extremes, have similar results
concerning both the objective function and process design (see Table
A.4). As there is no noticeable difference between the two approaches
and the original weekly time series have several peaks and valleys
that could potentially be clustered within the same DoF, we opted for
clustering the input time series with Nyof (peq = 18 without handling
the extremes differently.
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Fig. A.1. Daily electricity price profiles and their probability resulting from the clustering of day-ahead electricity prices for Germany in the year 2023 (ENTSO-E

Transparency Platform,

2024). Figures (a) and (b) show the profiles obtained via feature-based clustering via mean and mean & standard deviation (StD),

respectively. Figures (c) and (d) show the profiles obtained by clustering directly the original scenario time series via k-medoids and k-means applied to the
original time series, respectively. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

Table A.2
Considered values for the investment costs for the process units. The costs are referred to the year 2023.
Values
PV power plant 0.70 ME/MW (IRENA, 2024)
Wind power plant 1.07 ME/MW (IRENA, 2024)
Utility-scale battery 0.31 M€/MWh (IEA, 2023)
PEM water electrolyzer® 1.21-1.27 M€/MW (Reksten et al., 2022)
Hydrogen vessel 8.8 k€/m’® (U.S. Department of energy (DOE), 2024)
MeOH synthesis plant” 31.3 M€ (Mucci et al., 2023a)

2 Size-dependent correlation; it includes a 1.75 factor for the auxiliaries.
b Reference plant with a yearly production of 0.08 Mt.

Table A.3
Main assumptions for the economic evaluation.
Values

Operating weeks per year for the methanol synthesis plant 48 w/y
Lifetime of the Power-to-Methanol plant with storage 20y
Yearly O&M as % of the initial CAPEX, 5%
Discount rate i 5%
Reference year 2023
$ to € conversion factor 0.924
Cooling cost 0.1 €/MWh

CO, stream cost

50 €/t (IRENA and Methanol Institute, 2021)
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Fig. A.2. Optimal solution of the two-stage stochastic problem for a grid-connected Power-to-Methanol plant when considering three weekly scenario clusters
(Figures (a)—(c)) and different DoF reduction strategies (the three solid lines in the two upper graphs). In particular, the blue line represents the case where no
DoF reduction is applied, the red line the case where DoF reduction is applied to all relevant scheduling variables and 12 DoFs are considered, and the yellow
line the case where DoF reduction with 18 DoFs is applied to all relevant scheduling variables besides g, o - (For interpretation of the references to color

in this figure legend, the reader is referred to the web version of this article.)

Table A.4

Comparison of the objective function and the design variable values for different DoF reduction approaches applied to a two-
stage stochastic problem of a grid-connected Power-to-Methanol process with intermediate storage. Three weekly electricity price

scenario clusters of 168 h each are considered. The number of model variables as well as the NL,

a GAMS indicator of

‘code>

the complexity for handling model nonlinearities, are also displayed. The results were extracted after 6 h CPU time. No global

optimality was achieved.

Naof.schea  Mapped scheduling variables Specific cost Eny, v Niod  Pmax  tmy,,,,, Model variables  NLg,
of MeOH

- €/kg MWh m? - - t/h - -
168 None 1.46 57 240 28 2.65 1.33 8587 31 822
12 All variables 1.46 52 50% 27 1.88° 1.29 2971 11 698
12 All variables except for mHz.mmu(I) 1.46 5 120 27 2.18 1.30 3907 11 698
120 All variables except for titg, on @ 1.46 5 120 27 2.20 1.30 3907 11 698
18 All variables except for sy, (1) 1.46 57 120 27 2.18 1.30 4087 12 472
18" All variables except for g, on 1.46 52 120 27 2.19 1.29 4087 12 472
2 At bound.

b The extremes have a dedicated DoF.
Appendix B. Supplementary data

Additional results, the Excel file, the Matlab script, and the GAMS
model are available in the Supporting Material.

Supplementary material related to this article can be found online
at https://doi.org/10.1016/j.cherd.2025.09.046.
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