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 A B S T R A C T

This study analyzes the production of green hydrogen using dedicated offshore wind power in the Dutch 
North Sea region. The analysis is based on a detailed techno-economic model that simulates physical flows and 
estimates the levelized cost of hydrogen (LCOH). However, the model’s outputs depend on user-provided inputs 
and evaluating all possible inputs is computationally infeasible. To this end, ‘‘optimization with constraint 
learning’’ is employed, where surrogate machine learning models are trained on simulation data and embedded 
in mixed-integer optimization problems. The surrogate models are trained on 4096 simulation runs and achieve 
a mean absolute percentage error of ≤3% for physical flow-related outputs, and an error of ≈10% for the LCOH-
related outputs. Once trained, these surrogates enable one to solve stakeholder–specific problem instances in 
sub-second solve times, supporting rapid scenario analysis and trade-off exploration.

1. Introduction

Hydrogen is expected to play a key role in the transition towards 
a sustainable energy system. The North Sea is one of the world’s 
most active regions for offshore wind development and provides a 
favorable environment for the production of green hydrogen. While 
pilot projects are progressing [1,2], the economic viability of large-
scale offshore wind-to-hydrogen systems remains an open question. To 
determine which locations and sets of technologies are most promising 
for green hydrogen production, insights with respect to the operational 
dynamics [3] and economic characteristics [4] are required.

This is commonly achieved by constructing and extracting infor-
mation from techno-economic models that represent prospective real-
world systems. However, accurately modeling green hydrogen produc-
tion systems is inherently complex, due to the intermittency of re-
newable energy sources and nonlinear interactions among components 
within the system. Additionally, model parameters, such as capital 
costs, operational efficiency, and financing conditions, often need to 
be projected over long time horizons [5]. This challenge is particularly 
pronounced for technologies that are not yet produced at a commercial 
scale, for which reliable data are scarce and future trajectories are 
uncertain [6].

∗ Corresponding author.
E-mail address: justinstarreveld@gmail.com (J. Starreveld).

To assess the costs and performance of green hydrogen production 
configurations, various contemporary studies utilize highly-detailed 
mathematical simulation models. Notable examples of such simulation-
based studies are the following. Egeland-Eriksen and Sartori [7] investi-
gate green hydrogen production via a 1.5 GW offshore wind farm close 
to the Norwegian island of Utsira. Hill et al. [8] assess the costs for 
offshore wind farms in the United Kingdom. Calado et al. [9] compare 
offshore and onshore system configurations, with a focus on assessing 
the influence of electricity market regulation, for the Iberian Peninsula. 
Singlitico et al. [10] examine the economic feasibility of hydrogen 
production from offshore wind power hubs for a 12 GW energy is-
land located 380 km from the coast of Denmark. Finally, Travaglini 
et al. [11] analyze various large-scale offshore wind-based hydrogen 
production systems in the Dutch North Sea region, and their simulation 
framework serves as the foundation for this study.

However, although such simulation-based studies can provide valu-
able insights into system design, costs, and operational performance, 
the outputs of these models are often highly dependent on user-
provided inputs. An input may reflect either a decision or a parameter. 
A decision corresponds to a controllable choice (e.g., the sizing of 
an electrolyzer), whereas a parameter reflects exogenous information 
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(e.g., the costs associated with installing offshore wind turbines). When 
modeling future hydrogen production systems, for which empirical 
data are limited and expert opinions can vary considerably, it is often 
unclear which decisions ought to be made or what the parameter 
settings of a simulation model should be.

A common technique for addressing the issue of input dependence 
is to perform a sensitivity (or Monte Carlo) analysis, which examines 
how changes to a model’s inputs affect its outputs [12]. However, this 
type of analysis does not distinguish between decisions and parameters, 
limiting its prescriptive value. Furthermore, performing such an analy-
sis in a comprehensive manner (e.g., a global sensitivity analysis) may 
require a computationally infeasible number of simulation runs.

Alternatively, one could address the issue via simulation–based op-
timization, which does distinguish between decisions and parameters. 
While heuristic and metaheuristic algorithms (such as local search 
and simulated annealing) are popular and can be effective in certain 
settings [13], such algorithms require the objective and constraint(s) 
to be known a priori and are not designed to provide insight into the 
input–output relationships of a simulation model. Another approach 
within simulation-based optimization is to use surrogate modeling, 
where statistical or machine learning models are used to approximate 
the simulation outputs and guide the search for optimal solutions; 
see Pedrozo et al. [14] and Wang et al. [15] for overviews.

In this paper, we utilize a surrogate modeling approach that is 
inspired by recent advances in ‘‘optimization with constraint learning’’, 
see Fajemisin et al. [16] for a survey on the topic. Our approach, in-
spired by Maragno et al. [17], restricts itself to using surrogate machine 
learning (ML) models that can be directly embedded into mixed-integer 
optimization (MIO) problems. With respect to the classical surrogate 
models adopted in the literature, such as Kriging [18], this class of 
models offers two key advantages. First, modern ML models can be 
efficiently trained on large datasets, which enables the approach to be 
more effective in data-rich settings. Second, by ensuring that the sur-
rogate ML models are ‘‘MIO-representable’’, one can directly optimize 
over them by leveraging commercial MIO solvers, thereby avoiding 
the need for custom optimization algorithms. This direct integration 
between ML and optimization allows the objective to be redefined, 
constraints to be added or removed, and the resulting problem(s) to 
be solved, with minimal additional computation time.

For examples of the more common surrogate modeling approach, 
see Liu et al. [19], Yang et al. [20] or Jafarizadeh et al. [21], who also 
combine simulation with machine learning and optimization. However, 
note that these approaches consider a single fixed problem instance 
and utilize a custom genetic algorithm to optimize over the surrogate 
models. Our approach differs, as we are able to consider multiple 
stakeholder-defined problem instances and solve these using a standard 
commercial MIO solver.

Compared with the current state of the art on simulation-based 
optimization, our methodology presents an effective approach for op-
timizing system design decisions related to offshore wind-based green 
hydrogen production.  A key advantage of our approach, with respect 
to alternative simulation-based optimization methods, is its flexibility. 
The user is able to modify the objective or the constraints without 
having to re-solve the problem from scratch. This is particularly ben-
eficial in dynamic settings with multiple stakeholders and objectives. 
Our approach aligns with a ‘‘human-in-the-loop’’ approach to decision-
making [22], where the provided solution(s) can be refined through 
interaction between stakeholders and the decision support tool. Addi-
tionally, our approach enables the user to quickly assess the cost of 
imposing a constraint, or to efficiently analyze specific situations and 
explore tradeoffs.

To the best of our knowledge, we are the first to apply opti-
mization with constraint learning to this problem domain. While this 
approach has been successfully applied in other domains, such as 
radiotherapy [23], voltage regulation [24], molecular design [25], 

lot-sizing [26] and organ allocation [27], our application in optimiz-
ing green hydrogen production via offshore wind represents a novel 
contribution to the scientific literature.

The main body of the paper is organized as follows. In Section 2, 
we describe the simulation framework developed by Travaglini et al. 
[11], the problem we wish to solve, and our methodology. Then, in 
Section 3, we present our results and in Sections 4 and 5, we discuss 
our findings and suggest some conclusions.

2. Problem setup and methodology

2.1. Simulation of green hydrogen production

The study builds on a techno-economic simulation framework that 
emulates green hydrogen production from dedicated offshore wind 
farms [11]. The simulation model [28] accurately captures the opera-
tional behavior of both alkaline (ALK) and proton exchange membrane 
(PEM) electrolyzers across a wide range of conditions. It supports the 
evaluation of electrolyzer types, as well as other system design choices, 
with a particular focus on the interactions between components and the 
intermittency of offshore wind power.

One of the primary goals of this simulation framework is to estimate 
the ‘‘levelized cost of hydrogen’’ (LCOH). This metric is calculated by 
dividing the total sum of costs by the total amount of hydrogen that is 
produced by the system (within a certain time horizon).

The simulation framework consists of multiple steps, as shown in 
Fig.  1. Starting from the estimation of the gross electrical output of 
the wind farm from real-world offshore wind speed and direction data, 
energy losses are subsequently estimated to determine the available 
power supplied to the electrolyzer at each timestep. A detailed elec-
trolysis module is then employed to replicate the operational behavior 
of the electrolyzer stack and auxiliary systems, allowing for the calcu-
lation of the hydrogen output available for injection into an onshore 
hydrogen grid.

Highly detailed modules are used to simulate the wind farm and 
electrolyzer, see Appendix A for more information. Other components, 
such as pipelines, compressors, desalination units, and electrical infras-
tructure are emulated using simplified modules.

In this study, we use wind speed and direction data sampled at 
10-minute intervals. This temporal resolution aligns with the typical 
averaging interval of wind farm power curves provided by manufac-
turers [29], and it enables reasonably accurate modeling of electrolyzer 
dynamics, including temperature variations, degradation behavior, and 
cold-start effects [11]. This is important as coarser time steps are 
likely to result in an overestimation of the hydrogen production po-
tential [30].

The techno-economic simulation framework described in the pre-
vious paragraphs is capable of accurately evaluating different configu-
rations of offshore wind-based hydrogen production systems. However, 
the outputs of the simulation are highly dependent on the inputs, which 
consist of a collection of decisions as well as various technical and 
economic parameters. To highlight this point, Travaglini et al. [11] 
perform a sensitivity analysis on their case study and find that the esti-
mated LCOH can range anywhere from 3.0 to 10.5 euros per kilogram 
of hydrogen. The inputs and outputs of this simulation framework are 
visually illustrated in Fig.  2.

2.2. Optimization of simulation model inputs

The simulation model requires the user to specify a set of deci-
sions, which define the configuration of the wind-to-hydrogen pro-
duction system. These decisions span both continuous and discrete 
variables, including asset sizing, technology selection, and locational 
attributes. Table  1 provides an overview of the design decisions con-
sidered in this study, along with their respective domain and unit of 
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Fig. 1. Overview of the techno-economic simulation framework developed by [11]. (For interpretation of the references to color in this figure legend, the reader 
is referred to the web version of this article.)

Fig. 2. Visualization of the input–output relationships in the techno-economic simulation framework. The rectangles represent models, the diamond represents 
input decisions, the parallelograms represent input parameters and the ellipses represent model outputs. We use the same color scheme as in Fig.  1.

Table 1
Overview of the decisions under consideration.
 Decision Type Domain UoM  
 Number of wind turbines Integer [34, 134] [turbines]  
 Electrolyzer location Discrete {Onshore, Offshore} –  
 Electrolyzer type Discrete {ALK, PEM} –  
 Electrolyzer capacity Integer [5, 20] [100 MW] 
 Distance to shore Discrete {50, 100, 200} [km]  
 Cable type Discrete {AC, DC} –  

measurement (UoM). These choices directly influence the technical 
performance of the system and indirectly influence the LCOH.

For each simulation model evaluation, technical input parameters 
are also required. Due to the relatively low technology readiness level 
of large-scale electrolyzer systems, the technical parameters considered 
most uncertain are the energy consumption and degradation rates 
of the ALK and PEM electrolyzers. For these uncertain parameters, 
we construct interval domains using the lower and upper bounds 
from Travaglini et al. [11], who utilized literature analysis and ex-
pert consultation to determine appropriate bounds (see Table A.7 in 
Appendix A.3 for an overview of the values).

After specifying the decisions and technical input parameters, the 
simulation model is able to simulate the physical flows through the 
system, and, given these flows, the economic model is able to estimate 
the LCOH. However, this last step requires specifying a number of eco-
nomic input parameters and many of these parameters are considered 
to be uncertain [11]. Similarly to the uncertain technical parameters, 
we adopt the lower and upper bounds from Travaglini et al. [11] 
to construct interval domains (see Table A.8 in Appendix A.3 for an 
overview of the values).

The LCOH, along with the quantity of hydrogen produced, are 
the two primary outputs of interest in this study. However, there are 
many more outputs that can be obtained from utilizing the simulation 
framework. In collaboration with industrial stakeholders and academic 

researchers, we construct a list of six key performance indicators for 
offshore wind-based hydrogen production. These are: amount of hy-
drogen produced, amount of brine produced as a byproduct, amount 
of electricity curtailed, electrolyzer capacity factor (CF), wind farm CF 
and LCOH. Note that this list extends beyond the techno-economic 
performance indicators that are commonly analyzed in contemporary 
studies, such as [8,10,31], as we also include brine waste due to its 
potential environmental impact [32].

Given this setup, we can now formalize our problem description. 
Let 𝑦1,… , 𝑦6 represent the six outputs listed above, let the vector 𝐱
represent the decisions under consideration and  the domain for 
these decisions. Furthermore, let 𝐳𝑡 represent the uncertain technical 
parameters and let 𝐳𝑒 represent the uncertain economic parameters. For 
each uncertain parameter, we assume that it resides within the lower 
and upper bounds specified in Tables A.7 and A.8 in Appendix A.3. 
Each output 𝑦𝑘 can be written as a function of the inputs, i.e., 𝑦𝑘 =
𝐹𝑘(𝐱, 𝐳𝑡, 𝐳𝑒), where 𝐹𝑘 denotes utilizing the techno-economic simulation 
framework of Travaglini et al. [11] to evaluate output 𝑦𝑘, for 𝑘 =
1,… , 6.

Imagine that a stakeholder is interested in using the techno-
economic simulation framework to determine optimal decisions for a 
specific problem instance, where a problem instance consists of the 
following: (i) a primary output 𝑦𝑗 that he/she would like to minimize, 
(ii) a requirement 𝑏𝑘 for each alternative output 𝑘 ≠ 𝑗 and (iii) a 
restricted decision domain 𝑃 ⊆  , where 𝑃  may contain additional 
constraints or conditions imposed by the stakeholder or the specific 
problem context. This can be written as an optimization problem: 

min
𝐱∈

𝐹𝑗 (𝐱, 𝐳𝑡, 𝐳𝑒)

subject to 𝐹𝑘(𝐱, 𝐳𝑡, 𝐳𝑒) ≤ 𝑏𝑘, ∀𝑘 ≠ 𝑗

𝐱 ∈ 𝑃 .

(𝑃 )

Here we assume, without loss of generality, that lower values are 
preferable for all outputs, hence the minimization problem (note that 
one can flip the sign of the output if necessary).
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There are two issues with solving Problem (𝑃 ). First, the problem 
is ill-defined as 𝐳𝑡 and 𝐳𝑒 are uncertain. Second, the functions 𝐹𝑘 are 
not assumed to have a known functional form, which implies that we 
are not able to derive any explicit gradients or structural properties 
that might aid in optimization. The functions may be queried for 
particular inputs and one could, in principle, attempt to solve (𝑃 ) 
using brute-force enumeration, zero-order optimization techniques, or 
finite-difference gradient methods. However, due to the high dimen-
sionality of (𝐱, 𝐳𝑡, 𝐳𝑒) and the fact that each evaluation requires approx-
imately one minute, these approaches can be rendered computationally 
prohibitive.

In the following section we describe an approach that enables us 
to approximately solve such stakeholder-defined problem instances in 
a computationally efficient manner (or provide reasonable alternative 
solutions if the problem instance is deemed infeasible).

2.3. Methodology

First, note that for the framework depicted in Fig.  2, the simulation 
model requires approximately one minute per simulation, while the 
economic model is able to compute the LCOH within milliseconds. 
As such, the simulation model is the primary computational bottle-
neck in the framework described in Section 2.1. Due to the ability 
to quickly compute the LCOH for various economic scenarios and a 
desire to minimize the number of inputs under consideration, we elect 
to pre-aggregate the uncertainty surrounding the economic parame-
ters 𝐳𝑒, by estimating appropriate offline risk measures, such as the 
expectation (E) and conditional value-at-risk (CVaR), via Monte Carlo 
sampling [33]. Therefore, the methodology we present in this section 
focuses mainly on the inputs to the simulation model (the decisions 𝐱
and the uncertain technical parameters 𝐳𝑡).

Our methodology is as follows. First, we utilize a screening to de-
termine which inputs are the most influential and use this information 
to exclude the least influential inputs from the rest of our analysis. 
Then, data is collected and used to construct surrogate ML models 
that are ‘‘MIO-representable’’ and computationally tractable. Finally, 
we use the surrogate models to approximately solve any arbitrary 
stakeholder-defined problem instance.

2.3.1. Input screening
The simulation model requires six decision variables (𝑥1,… , 𝑥6) 

and two uncertain technical parameters (𝑧1 and 𝑧2) as inputs (see the 
description in Section 2.2 for more information). By identifying and 
retaining only the most influential inputs, we are able to reduce the 
dimensionality of the problem and improve model interpretability [34]. 
As such, it is desirable to first perform an input screening and discard 
the least impactful simulation inputs.

In settings with high experimental costs or a high number of inputs, 
it is advisable to use a screening design of experiments, such as the 
Plackett–Burman design [35]. However, in our setting we only consider 
eight inputs and can run a simulation within minutes. Therefore, we are 
able to utilize a 2-level full factorial design (where we treat the distance 
to shore as a 3-level input). This design prescribes 384 (2×2×2×3×2×
2×2×2) experiments/simulation runs that include all possible high/low 
permutations of the simulation input values.

For each of the 384 simulation runs, we evaluate the resulting 
LCOH across 10,000 economic scenarios. These scenarios are generated 
by independently sampling each uncertain economic parameter from 
a uniform distribution over its specified bounds (see Table A.2 in 
Appendix A), and are used to estimate risk measures for the LCOH.

We then standardize the input data and fit a linear regression model 
to the data (by minimizing the sum of squared errors). The coefficients 
of the regression model provide estimates of the linear, quadratic and 
interaction effects of each simulation input, which we can then use to 
determine the relative influence of the inputs on our outputs of interest. 
Thus, for each simulation run 𝑖 = 1,… , 384, we evaluate an input vector 

(𝑥1𝑖,… , 𝑥6𝑖, 𝑧1𝑖, 𝑧2𝑖) and observe each output 𝑦𝑘𝑖. We use this data to fit 
the following model:

𝑦𝑘𝑖 = 𝛼𝑘 +
6
∑

𝑗=1
𝛽𝑘𝑗 𝑥𝑗𝑖 +

2
∑

𝑚=1
𝛽𝑘,6+𝑚 𝑧𝑚𝑖 +

6
∑

𝑗=1
𝛾𝑘𝑗 𝑥

2
𝑗𝑖 +

2
∑

𝑚=1
𝛾𝑘,6+𝑚 𝑧2𝑚𝑖

+
6
∑

𝑗=1

6
∑

𝑝=𝑗+1
𝜌𝑘𝑗𝑝 𝑥𝑗𝑖 𝑥𝑝𝑖 +

6
∑

𝑗=1

2
∑

𝑚=1
𝜌𝑘𝑗,6+𝑚𝑥𝑗𝑖𝑧𝑚𝑖

+
2
∑

𝑚=1

2
∑

𝑛=𝑚+1
𝜌𝑘,6+𝑚,6+𝑛 𝑧𝑚𝑖 𝑧𝑛𝑖 + 𝜀𝑘𝑖.

Here, 𝛽, 𝛾 and 𝜌 provide estimates of the linear, quadratic and interac-
tion effects.  By utilizing a 2-level full factorial design of experiments, 
we are able to obtain unbiased estimation of main effects and second-
order interactions. While additional third- or higher-order interaction 
effects may exist, these are assumed to be small and therefore are 
not explicitly modeled, in accordance with the hierarchy and heredity 
assumptions. We refer to Montgomery [36] and Jones [37] for more 
information on this topic. 

To assess the significance of these effects, we examine the associated 
𝑝-values and identify the simulation inputs for which we find that the 
associated 𝑝–values are always larger than 0.05, for each of our outputs 
of interest. If this is the case, the corresponding simulation input is fixed 
to its nominal value (see Table A.9 in Appendix A.4) and assumed to 
be constant during the rest of our analysis. Doing this allows us to 
potentially reduce the simulation input domain from (𝐱, 𝐳𝑡) ⊆ R8 to 
a lower-dimensional subspace (𝐱̂, 𝐳̂𝑡) ⊆ R𝑑 , where 𝑑 ≤ 8 denotes the 
number of retained inputs post screening.

2.3.2. Data collection and machine learning
Having done an input screening and (potentially) fixed the inputs 

for which the estimated effect was not deemed sufficiently large, we 
collect data for the purpose of training ML models to predict our out-
puts of interest. We collect data from 𝑁 simulation model evaluations 
and, for each simulation run, we also compute the resulting LCOH 
across 10,000 economic scenarios (which are randomly generated in the 
same manner as described in Section 2.3.1) to estimate risk measures 
for the LCOH. In our case, 𝑁 is not fixed a priori, but increased incre-
mentally until the ML models reach an acceptable degree of accuracy 
(based on out-of-sample testing).

We utilize the collected data to train and test machine learning 
models to predict the simulation outputs, using the simulation inputs 
as model features.  The types of ML models we use in our approach 
are required to be MIO-representable, which implies that the input–
output mapping of these models can be rewritten using continuous 
and integer variables, along with linear constraints [17].  This class 
of ML models includes: linear and logistic regressions (LR), support 
vector machines (SVM), classification and regression trees (CART), ran-
dom forests (RF), extreme gradient boosting (XGB), gradient-boosting 
machines (GBM), multilayer perceptrons with a rectified linear unit 
activation function (MLP).  Note that the size of the model (e.g., the 
number of leaves or neurons) affects the number of additional vari-
ables and constraints introduced when embedding the models into 
mixed-integer optimization problems. As such, larger ML models induce 
greater computational effort in the downstream optimization step. 

For each output 𝑦𝑘, we have access to a dataset {𝐱̂𝑖, 𝐳̂𝑡, 𝑦𝑘𝑖}𝑁𝑖=1 with 
𝑁 data points. These data can be used to construct a surrogate ML 
model 𝑓𝑘, where 𝑓𝑘(𝐱̂, 𝐳̂𝑡) ≈ 𝑦𝑘. We do this as follows. First, we 
randomly split the data into training, validation, and testing sets, 
using an 80%-10%–10% split. Next, we perform hyperparameter tuning 
via grid search (see Table B.10 in Appendix B), combined with 5-
fold cross-validation on the training set. The best-performing model 
is selected based on its mean squared error on the validation data. 
The testing set is held out entirely during training and tuning, and is 
used exclusively to evaluate the final model’s predictive accuracy. Thus, 
for each output 𝑦𝑘, a trained ML model 𝑓𝑘 is saved and used in the 
following step.

International Journal of Hydrogen Energy 224 (2026) 154324 

4 



J. Starreveld et al.

Table 2
Estimated first-order effects of each simulation input on the two primary outputs of interest. Statistically significant 
effects (where the 𝑝-value is less than 0.05) are highlighted in bold.
 Simulation input Hydrogen production [kt/y] E(LCOH) [e/kg] 
 Number of wind turbines 3.904 −1.259  
 Electrolyzer location 0.022 0.261  
 Electrolyzer type 0.534 −0.854  
 Electrolyzer capacity 2.919 −0.076  
 Distance to shore −0.384 0.926  
 Cable type −0.007 0.131  
 Electrolyzer energy consumption −0.788 1.353  
 Electrolyzer degradation rate 0.001 0.020  

Table 3
Results from fitting the ML models to our data. We report the best model, 
along with its coefficient of determination (R2), mean absolute error (MAE) 
and mean absolute percentage error (MAPE), as evaluated on the testing
data.
 Output UoM Best model R2 MAE MAPE 
 Hydrogen production [kt/y] XGB 0.99 2.35 0.03  
 Brine waste [kt/y] XGB 0.99 26 0.03  
 Electricity curtailment [GWh/y] MLP 0.99 39 0.02  
 Wind farm capacity factor [–] GBM 0.98 0.01 0.02  
 Electrolyzer capacity factor [–] MLP 0.99 0.01 0.02  
 E(LCOH) [e/kg] GBM 0.73 1.05 0.11  
 CVaR90%(LCOH) [e/kg] MLP 0.74 1.06 0.10  

2.3.3. Optimization using surrogate machine learning models
The final step in our approach is to embed our trained surrogate ML 

models into optimization problem formulations. The embedding of ML 
models into optimization problem formulations is commonly referred 
to as ‘‘constraint learning’’ (see Fajemisin et al. [16] for an overview 
of the topic). ML models can be embedded in various ways, see for 
example [38,39]. For more information on the specific embedding 
formulations used in this study, we refer to Section 2.2 of Maragno 
et al. [17].

Suppose we are interested in solving Problem (𝑃 ), as described 
earlier in Section 2.2. Using our surrogate ML models (𝑓 ), we can now 
approximate this problem and solve the following:

min
𝐱̂∈̂

𝑓𝑗 (𝐱̂, 𝐳̂𝑡)

subject to 𝑓𝑘(𝐱̂, 𝐳̂𝑡) ≤ 𝑏𝑘, ∀𝑘 ≠ 𝑗

𝐱̂ ∈ ̂𝑃 .

(𝑃 )

Note that in this formulation, the difficult-to-optimize functions 𝐹𝑘 are 
replaced by the more tractable surrogate models 𝑓𝑘. Additionally, the 
uncertain parameter vector 𝐳𝑡 is replaced by 𝐳̂𝑡, which represents a 
deterministic parameter vector specified by the user.

Note that the uncertain economic parameters 𝐳𝑒 do not appear in 
this formulation as our surrogate models for the LCOH-related outputs 
are trained to directly predict the expectation (or CVaR) of the LCOH 
with respect to the distribution of 𝐳𝑒. We utilize Monte Carlo sampling 
to evaluate these risk measures, where we assume that each param-
eter is independently and uniformly distributed within its respective 
domain.

While MIO problems such as Problem (𝑃 ) are, in general, ‘‘NP-
hard’’, for many practical cases optimal (or near-optimal) solutions can 
be found in reasonable time using standard optimization solvers. As we 
demonstrate in Section 3.2, commercial solvers such as Gurobi are able 
to solve our problem instances within seconds.

3. Results

In this section, we present the results obtained by applying the 
methods described in Section 2.3. First, in Section 3.1, we perform the 
input screening, summarize the collected simulation data and use this 
data to train (and evaluate the accuracy of) the surrogate ML models. 

In Section 3.2, we illustrate how our surrogate models can be used to 
obtain and evaluate solutions in a dynamic manner. In Section 3.3 we 
showcase how our surrogate models can also be used to analyze specific 
situations and explore trade-offs. All computations are conducted on 
a 64-bit Windows machine equipped with a 2.80 GHz Intel Core i7 
processor with 32 GB of RAM. All optimization problems are solved 
using Gurobi 12.0. The code is publicly available at: https://github.
com/JustinStarreveld/hydrogen-prod-simopt-via-ocl.

3.1. Input screening, data and surrogate models

Table  2 presents the estimated first-order effects (𝛽’s) of each simu-
lation input on the two primary outputs of interest: hydrogen produc-
tion and the expected levelized cost of hydrogen. The estimated effects 
for all inputs and outputs are provided in Table C.11 in Appendix C. Sta-
tistically significant effects (with 𝑝-values below 0.05) are highlighted 
in bold.

We observe that the cable type and electrolyzer degradation rate ex-
hibit no statistically significant effect on any of the considered outputs. 
Therefore, these two inputs are fixed to their respective nominal values 
(see Table A.9 in Appendix A.4) and excluded from consideration in 
the following steps (data collection, surrogate modeling, and optimiza-
tion). Specifically, the cable type is set to ‘‘AC’’, while the electrolyzer 
degradation rate is fixed at 5.04×10−6 for ALK and 4.85×10−6 for PEM.

This procedure results in a single remaining uncertain technical 
parameter: the electrolyzer energy consumption (𝑧𝜂), and five remain-
ing decision variables: number of wind turbines (𝑥𝑊 𝑇 ), electrolyzer 
location (𝑥𝐸𝐿), electrolyzer type (𝑥𝐸𝑇 ), electrolyzer capacity (𝑥𝐸𝐶 ) and 
distance to shore (𝑥𝐷𝑇𝑆 ). Thus, we have: 
𝐱̂ =

(

𝑥𝑊 𝑇 , 𝑥𝐸𝐿, 𝑥𝐸𝑇 , 𝑥𝐸𝐶 , 𝑥𝐷𝑇𝑆
)

, and 𝐳̂𝑡 = (𝑧𝜂). (1)

To characterize the boundaries of the reduced simulation input 
domain (𝐱̂, 𝐳̂𝑡) ⊆ R6, we construct a 2-level full factorial design (where 
we treat the distance to shore as a 3-level input) comprising 96 (2×2×
2 × 3 × 2 × 2) simulation runs. In addition, we collect data from 4000
simulation runs, where the input values are randomly and uniformly 
sampled from their respective domains. Collecting this data was done in 
parallel (using 4 cores) and took approximately 48 h. A visual summary 
of the resulting 4096 data points is provided in Fig.  3.

Fig.  3 showcases the substantial variability in the simulation frame-
work’s outputs that arises from variation in the simulation inputs. For 
example, the expected LCOH can be anywhere from 4 to 29 euros per 
kilogram of hydrogen, depending on 𝐱̂ and 𝐳̂𝑡.

In the next step, we use this data to train surrogate ML models 
to predict each output on the basis of the simulation inputs. Table  3 
reports the best-performing model type for each output, together with 
its out-of-sample predictive accuracy.

The physical flow-related outputs (e.g., hydrogen production, brine 
waste, curtailment and the capacity factors) are predicted with high 
accuracy, as the mean absolute percentage errors are ≤3% for these 
outputs. In comparison, the LCOH-related outputs are more challenging 
to predict, with mean absolute percentage errors of 11% and 10%. 
While the prediction accuracy for the LCOH-related outputs is relatively 
low, the surrogate models can still function as effective tools in the 
optimization phase of our methodology. For further elaboration on this 
topic, we refer to Section 4.
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Fig. 3. Box and whisker plots for each output in our dataset. The mean is depicted as a black circle.

Table 4
Solution to Problem (𝑃1).
 Decision Value UoM  
 Number of wind turbines 89 [turbines] 
 Electrolyzer location Offshore –  
 Electrolyzer type PEM –  
 Electrolyzer capacity 2000 [MW]  
 Distance to shore 50 [km]  

3.2. Dynamic exploration of solutions

This section illustrates how, once we have the trained ML models, 
we are able to provide a fast and flexible optimization tool, where 
the objective or constraints can be easily modified and a new solution 
can be obtained within seconds. Additionally, we illustrate how the 
obtained solutions can be evaluated using the simulation framework 
in order to verify the accuracy of the surrogate ML model predictions.

Suppose a stakeholder wishes to minimize the expected LCOH, 
under the assumption that the energy consumption of the electrolyzer 
will be equal to the midpoint between its lower and upper bounds, 
i.e., 𝐳̂𝑚𝑡 = (𝑧𝜂) =

(

(𝑧𝑢𝜂,𝐸𝑇 − 𝑧𝑙𝜂,𝐸𝑇 )∕2
)

, where 𝑧𝑢𝜂,𝐸𝑇  and 𝑧𝑙𝜂,𝐸𝑇  denote 
the upper and lower bounds of the electrolyzer energy consumption 
for electrolyzer type 𝐸𝑇 ∈ {ALK, PEM}. This can be written as follows: 

min
𝐱̂∈̂

𝑓E(LCOH)(𝐱̂, 𝐳̂𝑚𝑡 ). (𝑃1)

By embedding the best-performing ML model for the output
E(LCOH) into a mixed-integer optimization problem formulation (see 
Section 2.3.3) and solving the MIO problem using Gurobi, we obtain 
a solution to Problem (𝑃1) within 0.3 seconds. Let this solution be 
denoted as 𝐱̂⋆𝑃1 . The decisions corresponding to 𝐱̂

⋆
𝑃1

 are shown in Table 
4.

After obtaining this solution, the stakeholder is able to evaluate 
the performance of the solution under variation in the electrolyzer 
energy consumption parameter (i.e., 𝑧𝜂 ∈ {49.2, 53.7, 58.1} kWh/kg). 
Using our surrogate ML models (𝑓 ), we can provide a prediction for 
the performance within milliseconds. Additionally, we can utilize the 
simulation framework (𝐹 ) to evaluate the accuracy of these predictions 
(this requires three simulation evaluations and takes approximately 
three minutes in total). The performance of solution 𝐱̂⋆𝑃1  is shown in 
Fig.  4.

Now suppose that the stakeholder does not find this solution to be 
particularly desirable. For example, the stakeholder may wish to limit 

Table 5
Solution to Problem (𝑃2).
 Decision Value UoM  
 Number of wind turbines 71 [turbines] 
 Electrolyzer location Offshore –  
 Electrolyzer type PEM –  
 Electrolyzer capacity 1400 [MW]  
 Distance to shore 200 [km]  

the amount of brine waste to a maximum of 1000 kt per year. Addi-
tionally, the stakeholder may be reluctant to support the construction 
of a wind farm 50 km from the shoreline, as such proximity may result 
in visual intrusion on the coastal landscape. Due to the flexibility of 
our approach, the stakeholder can simply add these constraints to the 
optimization problem formulation: 
min
𝐱̂∈̂

𝑓E(LCOH)(𝐱̂, 𝐳̂𝑚𝑡 )

s.t. 𝑓Brine waste(𝐱̂, 𝐳̂𝑚𝑡 ) ≤ 1000 [kt/y],
𝑥𝐷𝑇𝑆 ≥ 100 [km],

(𝑃2)

and solve Problem (𝑃2) to obtain a new solution 𝐱̂⋆𝑃2 . This solution is 
obtained within 0.4 s and is described in Table  5. We find that the 
electrolyzer location and type are unchanged, however, the number 
of wind turbines is reduced from 89 to 71, the electrolyzer capacity 
is reduced from 2000 MW to 1400 MW and the distance to shore is 
increased to 200 km.

Again, it is possible to evaluate the performance of this new so-
lution using the surrogate ML models and the simulation framework, 
under variation w.r.t. the electrolyzer energy consumption parame-
ter (i.e. 𝑧𝜂 ∈ {49.2, 53.7, 58.1} kWh/kg). These values are shown in Fig. 
5.

The results show that our new solution does not adhere to the 
brine waste restriction when the electrolyzer energy consumption is low 
(i.e., 𝑧𝜂 = 49.2 kWh/kg). For this solution, the expected LCOH is higher, 
at 7.4, 8.1, or 8.7 euros per kilogram (depending on 𝑧𝜂). In addition, the 
CVaR at the 90% level can exceed 9.5 euros per kilogram, potentially 
raising concerns about the cost-efficiency of this solution under adverse 
scenarios.

Suppose that the stakeholder wishes to address such concerns and 
seeks a more robust solution. The stakeholder could set 𝐳̂𝑢𝑡 =

(

𝑧𝑢𝜂,𝐸𝑇

)

, 
and ̂𝐳𝑙𝑡 =

(

𝑧𝑙𝜂,𝐸𝑇

)

, for electrolyzer type 𝐸𝑇 ∈ {ALK, PEM} and solve the 
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Fig. 4. Performance evaluation of the solution described in Table  4. We show the surrogate model prediction (𝑓 ) and the simulated performance (𝐹 ) for each 
output, where the electrolyzer energy consumption parameter is set to its lower bound, midpoint or upper bound.

Fig. 5. Performance evaluation of the solution described in Table  5. We show the surrogate model prediction (𝑓 ) and the simulated performance (𝐹 ) for each 
output, where the electrolyzer energy consumption parameter is set to its lower bound, midpoint or upper bound.

Table 6
Solution to Problem (𝑃3).
 Decision Value UoM  
 Number of wind turbines 63 [turbines] 
 Electrolyzer location Onshore –  
 Electrolyzer type PEM –  
 Electrolyzer capacity 1200 [MW]  
 Distance to shore 200 [km]  

following problem instance: 
min
𝐱̂∈̂

𝑓𝐶𝑉 𝑎𝑅90%(LCOH)(𝐱̂, 𝐳̂
𝑢
𝑡 )

s.t. 𝑓Brine waste(𝐱̂, 𝐳̂𝑙𝑡 ) ≤ 1000 [kt/y],
𝑥𝐷𝑇𝑆 ≥ 100 [km].

(𝑃3)

Note that Problem (𝑃3) utilizes a different objective to Problem (𝑃2), 
where we minimize the conditional value at risk instead of the expec-
tation. Additionally, in the objective we assume that the electrolyzer 
energy consumption will equal its upper bound value, while in the brine 
waste constraint we assume that this parameter will equal its lower 
bound value. The solution 𝐱̂⋆𝑃3  to Problem (𝑃3) is found within 0.3 s 
and is described in Table  6.

This solution changes the location of the electrolyzer to be onshore 
instead of offshore, employs fewer wind turbines, and opts for a lower 
electrolyzer capacity. When the performance of 𝐱̂⋆𝑃3  is evaluated using our surrogate models and the simulation framework (see Fig.  6), we 
observe that this solution improves upon 𝐱̂⋆𝑃2  in regards to the LCOH-
related outputs and that our new solution ̂𝐱⋆𝑃3  adheres to the brine waste 

restriction, even when the electrolyzer energy consumption is at its 
lower bound.

Fig.  7 provides a comparative overview of the performance of the 
three solutions (𝐱̂⋆𝑃1 , ̂𝐱

⋆
𝑃2

 and ̂𝐱⋆𝑃3 ) across the seven outputs of interest. By 
visualizing their simulated performance side by side, a stakeholder can 
quickly discern the relative strengths and weaknesses of each solution, 
as well as attain an understanding of the robustness of each solution 
with respect to variation in the uncertain parameters of the model (in 
this case the electrolyzer energy consumption).

Finally, note that each evaluation performed using the simulation 
framework yields an additional data point that can be used to retrain 
and refine the surrogate ML models. Implementing such a continuous 
feedback loop can improve model accuracy and decision-making over 
time.

3.3. Analysis of specific situations and tradeoffs

This section demonstrates how the trained surrogate models can 
also be used to explore a variety of situations and trade-offs. By for-
mulating and solving different optimization problems, we gain insights 
into how the decisions and parameters influence our outputs under 
various constraints and assumptions.

Suppose that a stakeholder is interested in knowing the maxi-
mum amount of hydrogen production, given a certain number of wind 
turbines and a fixed electrolyzer capacity of 1000 MW. We can (approx-
imately) obtain this information by solving the following optimization 
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Fig. 6. Performance evaluation of the solution described in Table  6. We show the surrogate model prediction (𝑓 ) and the simulated performance (𝐹 ) for each 
output, where the electrolyzer energy consumption parameter is set to its lower bound, midpoint or upper bound.

Fig. 7. Comparison of simulation performance (𝐹 ) for the three solutions (𝐱̂⋆𝑃1
, 𝐱̂⋆𝑃2

 and 𝐱̂⋆𝑃3
), where the electrolyzer energy consumption parameter is set to its 

lower bound, midpoint or upper bound.

problem: 
max
𝐱̂∈̂

𝑓Hydrogen production(𝐱̂, 𝐳̂𝛼𝑡 )

s.t. 𝑥𝐸𝐶 = 1000 [MW],
𝑥𝑊 𝑇 = 𝜃 [turbines],

(2)

where the parameter 𝜃 is varied between [34, 134] and the parameter 
vector 𝐳̂𝛼𝑡  is set equal to the lower bound, midpoint, or upper bound 
for electrolyzer energy consumption. The results are displayed in Fig. 
8, where each marker in the graph represents an optimal solution to 
Problem (2).

Fig.  8 shows that when the number of wind turbines is higher 
than 67 and the capacity of the wind farm exceeds the capacity of 
the electrolyzer (in this case 1000 MW), the increase in hydrogen 
production tapers off. Furthermore, we observe that the effect of the 
electrolyzer energy consumption parameter is larger when the number 
of wind turbines is higher. For example, note that, when using more 
than 100 wind turbines, variation in electrolyzer efficiency can cause 
the maximum hydrogen production to vary by more than 20 kt per 
year.

In the following paragraphs we show how our methodology can 
also be used to efficiently explore tradeoffs. Suppose that a stakeholder 
is interested in the utilization of the wind farm and the electrolyzer, 
as measured by their respective capacity factors (CFs). A higher CF 
signals more effective utilization of the asset. However, improvements 
in one asset’s utilization may come at the cost of the other. For example, 
oversizing the wind farm relative to the electrolyzer is expected to 
benefit the utilization of the electrolyzer, but is also likely to lead to 
increased electricity curtailment and a low wind farm CF. This tradeoff 

Fig. 8. Maximum hydrogen production as a function of the number of wind 
turbines and the electrolyzer energy consumption, where we assume a fixed 
electrolyzer capacity of 1000 MW.

can be investigated in a quantitative manner by solving: 

max
𝐱̂∈̂

𝜆 ⋅ 𝑓Electrolyzer CF(𝐱̂, 𝐳̂𝑚𝑡 ) + (1 − 𝜆) ⋅ 𝑓Wind farm CF(𝐱̂, 𝐳̂𝑚𝑡 )

s.t. 𝑥𝐸𝑇 = 𝜅,
(3)

where the parameter 𝜆 is varied between [0, 1], the technical parameter 
vector is set equal to the midpoint 𝐳̂𝑚𝑡  and 𝜅 is set to be either PEM or 
ALK.
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Fig. 9. Visual representation of the tradeoff between electrolyzer and wind 
farm capacity factors for the two electrolyzer types.

The resulting Pareto-type frontiers are displayed in Fig.  9, where 
each marker in the figure represents an optimal solution to Prob-
lem (3). We observe that the decisions under consideration (𝐱̂) can 
lead to very different CFs for both assets, highlighting the importance 
of aligning the wind farm and electrolyzer capacities. As anticipated, 
the alkaline electrolyzer exhibits lower capacity factors than the PEM 
electrolyzer, reflecting its stricter minimum load requirements and 
reduced operational flexibility.

4. Discussion

From a practical perspective, a key advantage of our approach 
with respect to alternative simulation-based optimization methods is 
the ability to easily incorporate adjustments to the objective or con-
straints without having to start from scratch. This enables industrial 
stakeholders and policy makers to explore various objectives or in-
troduce site-specific or preference-based constraints (such as limiting 
brine waste or excluding nearshore development) and obtain practically 
relevant solutions in real time.

From a scientific perspective, optimization with constraint learning 
can enhance traditional simulation-based studies by providing addi-
tional insights. The approach is complementary to a dedicated sensi-
tivity analysis, as it not only reveals how inputs influence outputs but 
also offers prescriptive information by predicting ‘‘optimal’’ solutions 
to specific situations. This allows one to analyze the ‘‘cost’’ of imposing 
certain constraints and explore potential tradeoffs.

Nevertheless, this approach has limitations that should be acknowl-
edged. First, the accuracy of our surrogate machine learning models 
is inherently limited by the quality and quantity of data that can 
be obtained, as well as the expressive power of the ML models to 
which we fit the data. Throughout this paper, we use the simulation 
model as our ‘‘ground truth’’. While highly detailed and grounded 
in engineering knowledge, it ultimately remains a model of reality 
and cannot fully capture all real-world complexities. Empirical data 
may offer an advantage in this regard. However, field data are not 
always available, and physical experiments are typically more costly 
and time-consuming than computer simulations.

Second, the surrogate models are trained (and tested) on data that 
are generated within a specific domain. If a stakeholder’s interest shifts 
outside this predefined domain, the model predictions are likely to 
become unreliable. Future work could improve generalizability of the 
surrogate ML models by incorporating active learning or adaptive sam-
pling to dynamically expand the dataset based on stakeholder needs, 
observed prediction errors or optimization results.

Third, we assume that the uncertain parameters are independent 
and uniformly distributed. In practice, these assumptions may not 

hold, as parameters could be correlated or non-uniformly distributed. 
As a result, risk measures such as expectation and conditional value-
at-risk should be interpreted with caution, as they are sensitive to 
the underlying distributional assumptions.  An interesting direction 
for future research is to integrate distributionally robust optimization 
techniques to handle parameter uncertainty in a more explicit and 
systematic manner. 

Fourth, our approach cannot guarantee feasibility or optimality with 
respect to the original techno-economic simulation framework. While 
we are able to validate the obtained solutions using the simulation 
framework, approximation errors may still cause infeasible solutions to 
be suggested or superior solutions to be overlooked.  In future work, the 
issue of surrogate model approximation errors could be dealt with more 
rigorously, for example by utilizing statistical probability guarantees, 
error margins, or trust-region constraints. 

5. Conclusion

In this study, we have used a techno-economic simulation frame-
work, in combination with mixed-integer optimization with constraint 
learning, to assess green hydrogen production from offshore wind in 
the Dutch North Sea. Our data-driven approach enables optimization 
of design decisions, while accounting for uncertainty in framework’s 
parameters. Compared to more direct simulation-based optimization 
approaches, the use of surrogate machine learning models can sub-
stantially reduce computation time, enabling iterative and interactive 
analysis.

The results show that the surrogate models achieve high accuracy 
for the physical flow-based outputs (where the average prediction error 
is around 3%), but lower accuracy for cost-related outputs (where the 
average prediction error is approximately 10%). Despite the existence 
of prediction errors, the surrogate models remain useful for identify-
ing promising design choices, which can then be validated using the 
original simulation model. Our results demonstrate the effectiveness of 
this approach, where solutions are generated within seconds and then 
evaluated and refined in a dynamic manner (e.g. by adding constraints 
and/or changing the objective).

Our results also show that the performance of offshore wind–based 
hydrogen production systems is highly sensitive to various design deci-
sions, as well as technical and economic parameters. For example, we 
find that the expected LCOH can vary anywhere between 4.3 and 28.2 
euro per kilogram. This underscores the importance of decision support 
tools that analyze and optimize design decisions, especially in the 
early-stage planning of such systems. Our proposed approach enables 
planners and policymakers to incorporate uncertainty and to rapidly 
identify and quantify trade-offs, thereby supporting more informed and 
robust decision-making in the context of hydrogen deployment.
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