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ABSTRACT 
The extensive use of renewable energy to supply hydrogen production for chemical processes is 
hindered by the uncertainty in power generation and by strict operational limits.These challenges 
are addressed through a real-time dynamic optimization approach based on a receding-horizon 
strategy that provides optimal decision variables. The framework explicitly relies on imperfect 
weather forecasts and dynamically adapts the hydrogen reference production to guarantee the 
final productivity target. The optimization methodology focuses on minimizing grid electricity im-
ports, limiting excessive equipment stress, and preventing constraint violations, while ensuring 
that the hydrogen production target is satisfied.The proposed approach yields competitive eco-
nomic and environmental performance, with a levelized cost of hydrogen of 3.31 USD/kgH₂, well 
within literature values (1.50–7.50 USD/kgH₂) and below typical industrial costs (4–12 USD/kgH₂). At 
the same time, carbon dioxide emissions are reduced by more than 90% compared to steam me-
thane reforming, resulting in specific emissions below 1 kgCO₂/kgH₂. These results are supported by 
a year-long simulation based on CAISO renewable energy data. The optimized system achieves 
the annual hydrogen production target while respecting all operational constraints, whereas the 
absence of operational strategy and buffering systems leads to systematic constraint violations. 
The strategy can be implemented in existing industrial facilities with limited modifications. 

Keywords: Green hydrogen, Real-time dynamic optimization, Forecast uncertainty, Receding horizon, Power-
to-Hydrogen 

INTRODUCTION 

Global scenario 
The urgency surrounding industrial decarbonization 

has intensified as CO2 emissions from human activities 
continue to increase. Recent data from 2024 indicate that 
emissions from energy generation, fuel combustion, and 
manufacturing operations have reached 37.6 GtCO₂ annu-
ally, an 8.4% increase relative to levels observed ten 
years earlier [1]. Direct emissions from industrial sources 
(Scope 1) represent approximately 23% of this global to-
tal, not accounting for the substantial indirect emissions 
associated with energy consumption across these oper-
ations. 

Among industrial sectors, chemical manufacturing 
presents particularly high carbon intensity. Traditional 
synthesis pathways for several foundational chemicals 

result in considerable emission factors: ammonia produc-
tion generates up to 4.6 kgCO₂/kgNH₃, methanol up to 2.8 
kgCO₂/kgCH₃OH, nitric acid up to 1.6 kgCO₂/kgHNO₃, and hydro-
gen up to 26 kgCO₂/kgH₂. When accounting for both on-site 
emissions and those associated with purchased energy, 
the chemical industry is responsible for approximately 
6.4% of global greenhouse gas releases [2]. 

Concurrently, the renewable energy sector has un-
dergone substantial expansion. European markets illus-
trate this transition: the share of renewables in total en-
ergy consumption increased from 9.6% in 2004 to 24.5% 
by 2023 [3]. While this growth trajectory presents oppor-
tunities for reducing carbon emissions in chemical pro-
duction, it simultaneously introduces operational chal-
lenges due to the intermittent nature of wind and solar 
power generation. 

Renewable energy sources 
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Solar photovoltaic and onshore wind technologies 
exhibit favorable characteristics for industrial deploy-
ment due to their modularity and minimal site-specific re-
quirements. Nevertheless, the temporal variability inher-
ent to these sources necessitates effective energy con-
version and storage infrastructure to ensure process 
continuity. 

For renewable-powered hydrogen generation, pro-
ton exchange membrane (PEM) electrolysis systems 
demonstrate superior performance under dynamic oper-
ating conditions compared to alkaline technologies, de-
spite the latter's higher technology readiness level and 
lower capital expenditure. Regarding energy storage ar-
chitectures, battery energy storage systems (BESS) de-
liver high round-trip efficiencies and rapid power re-
sponse characteristics, while compressed hydrogen 
storage represents the most established and cost-effec-
tive approach for hydrogen inventory management. 

Plant design and operation in literature 
Existing literature on renewable-hydrogen system 

design predominantly emphasizes techno-economic op-
timization under steady-state or quasi-static operating 
assumptions [4, 5]. Reported levelized costs for hydro-
gen production typically range from 3 to 4 USD/kgH₂, with 
regional variations driven by resource availability: lower 
values observed in high-resource regions and elevated 
costs documented across European installations [6]. The 
operational performance of these systems under transi-
ent renewable supply conditions remains insufficiently 
characterized. 

Current research on operational control strategies 
frequently relies on deterministic renewable energy fore-
casts or omits critical process-side constraints [7, 8]. As 
a result, methodologies capable of addressing renewable 
variability, equipment operational limits, downstream 
process requirements, and economic objectives within a 
unified framework remain underdeveloped. 

This study presents a real-time, multi-objective op-
timization framework for integrated renewable-hydrogen 
production systems operating under uncertainty. The 
framework incorporates forecast error propagation, dy-
namic control variable adjustment, degradation-aware 
operation, and hydrogen demand satisfaction con-
straints. The methodology enables techno-economically 
optimized operation under realistic industrial conditions 
and is directly applicable to commercial-scale green hy-
drogen facilities with minimal adaptation requirements. 

METHODOLOGY 

System description 
The integrated system for hydrogen production 

comprises renewable power generation units (wind and 
solar photovoltaic) coupled with a PEM water electrolysis 

unit. To attenuate high-frequency power fluctuations, 
lithium-ion BESS and compressed hydrogen storage ves-
sels are implemented as buffering components. The sys-
tem interfaces with both the electrical grid and the down-
stream hydrogen-consuming process. 

As illustrated in Figure 1, power from the renewable 
generation and grid connection is distributed between 
the BESS and the electrolyzer. Hydrogen produced by 
the electrolyzer is partitioned between the storage ves-
sels and the downstream facility. During periods of insuf-
ficient renewable generation, electrical energy and hy-
drogen are supplied from BESS discharge and tank de-
pletion, respectively. 

The system dynamics can be expressed mathemat-
ically as follows: 

𝐸𝐸��� + 𝐸𝐸���� = 𝐸𝐸���� + 𝐸𝐸�� (1) 

𝐹𝐹�� = 𝑐𝑐�� ∙ 𝐸𝐸�� (2) 

𝐹𝐹�� = 𝐹𝐹���� + 𝐹𝐹����� (3) 

𝑑𝑑𝑄𝑄����
𝑑𝑑𝑑𝑑 = 𝜂𝜂���� ∙ 𝐸𝐸���� − 𝜅𝜅���� ∙ 𝑄𝑄���� (4) 

𝑑𝑑𝑚𝑚����
𝑑𝑑𝑑𝑑 = 𝜂𝜂���� ∙ 𝐹𝐹���� − 𝜅𝜅���� ∙ 𝑚𝑚���� (5) 

Each variable corresponds to the mass and energy 
streams depicted in Figure 1. The parameter 𝑐𝑐�� repre-
sents the electrolyzer conversion coefficient for hydro-
gen production, while 𝜂𝜂 and 𝜅𝜅 denote the charging effi-
ciency and self-discharge rate for the BESS and hydro-
gen storage. 

Since 𝐸𝐸��� is determined by exogenous renewable 
resource availability, the system contains 8 variables. 
Given 5 governing equations, the formulation exhibits 3 
degrees of freedom. 

Approach to the problem 
Given weather forecast data over the next 𝑡𝑡���������� 

time steps, the system has 3 ∙ 𝑡𝑡���������� degrees of free-
dom. Following a receding horizon strategy, the optimal 
decision variable trajectory is computed via optimization, 
with only the initial time step implemented and subse-
quent values discarded upon re-optimization [9]. 

This formulation shares conceptual similarities with 
model predictive control (MPC) frameworks [10]. How-
ever, whereas MPC constitutes an advanced real-time 
control architecture, the proposed methodology gener-
ates optimal reference production trajectories for imple-
mentation within existing control systems. In other 
words, the proposed methodology constitutes a supervi-
sory optimization layer that provides optimal setpoints 
corresponding to the optimal configuration of the deci-
sion variables, while real-time tracking and disturbance 
rejection are handled by the underlying control system. 
The design and implementation of such control systems 
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are beyond the scope of this work, as the focus is on the 
optimization-based determination of the setpoint. 

The optimization requires specification of the three 
manipulated variables per time step, selected as 
𝐸𝐸����,𝐹𝐹����, and 𝐸𝐸���� based on their direct controllability. 
The primary objective ensures that 𝐹𝐹����� tracks the spec-
ified hydrogen demand profile for each time step. 

𝑓𝑓�� = � 𝑘𝑘1 ∙
||
||𝐹𝐹�����
� − 𝐹𝐹�����

��

𝐹𝐹�����
�� ||

||�����������

�=1
 (6) 

 Additionally, to minimize equipment degradation, 
solutions exhibiting reduced high-frequency variability 
are favored. This applies specifically to hydrogen flow to 
the downstream process, electrical power to the electro-
lyzer, and charging/discharging rates of the buffer sys-
tems. 

𝑓𝑓��� = � �𝑘𝑘2 ∙
||
||𝐹𝐹�����
� − 𝐹𝐹������−1

𝐹𝐹�����
�� ||

||        + 𝑘𝑘3

�����������

�=1

∙ ||
|𝐸𝐸����� − 𝐸𝐸�����−1

𝑄𝑄����
��� ||

|        + 𝑘𝑘4

∙ ||
|𝐹𝐹����� − 𝐹𝐹���� 

�−1

𝑚𝑚����
��� ||

|       + 𝑘𝑘5

∙
|
|
|𝐸𝐸��� − 𝐸𝐸���−1

𝐸𝐸��
������� |

|
|
� 

(7) 

The economic impact of grid interaction must also 
be incorporated, accounting for electricity import costs 
and export revenues (which may be positive, negative, or 
zero depending on market conditions). 

𝑓𝑓���� = � �𝑘𝑘6 ∙max�𝐸𝐸����� , 0�       + 𝑘𝑘7
�����������

�=1

∙min (𝐸𝐸����, 0)� 
(8) 

 Operational constraints are imposed to ensure solu-
tion feasibility. Two constraint categories are defined: 
bounds on state and control variables to enforce opera-
tional limits and physical constraints, and rate-of-change 

limitations to restrict ramping behavior. Each penalty 
term equals the constraint violation magnitude multiplied 
by an appropriate penalty coefficient, or zero when the 
constraint is satisfied. 

𝑃𝑃�����:

⎩
⎪
⎨

⎪
⎧ 𝑄𝑄����

��� ≤ 𝑄𝑄����� ≤ 𝑄𝑄�������

𝑚𝑚����
��� ≤ 𝑚𝑚����

� ≤ 𝑚𝑚����
���

𝐸𝐸����� ≤ 𝐸𝐸��� ≤ 𝐸𝐸�����

𝐹𝐹�����
��� ≤ 𝐹𝐹�����

� ≤ 𝐹𝐹�����
���

 (9) 

𝑃𝑃���:

⎩
⎪
⎨

⎪⎧
||𝐸𝐸����� − 𝐸𝐸�����−1 || ≤ 𝛿𝛿�������

||𝐹𝐹����
� − 𝐹𝐹����

�−1 || ≤ 𝛿𝛿����
���

||𝐸𝐸��� − 𝐸𝐸���−1|| ≤ 𝛿𝛿�����

||𝐹𝐹�����
� − 𝐹𝐹�����

�−1 || ≤ 𝛿𝛿�����
���

 (10) 

The complete objective function is formulated as: 

Φ = 𝑓𝑓�� + 𝑓𝑓��� + 𝑓𝑓���� + 𝑃𝑃����� + 𝑃𝑃��� (11) 

Minimization of the objective function 
Minimization of the objective function presents 

computational challenges due to its inherent non-con-
vexity and potentially large dimensionality. Furthermore, 
variations in the weighting coefficients (𝑘𝑘1 to 𝑘𝑘7) can re-
sult in objective function values spanning several orders 
of magnitude. 

The scaling issue is addressed through a double-
logarithmic transformation of the objective function, with 
an offset term to prevent numerical singularities: 

Φ� = log10(log10(Φ+ 10)) (12) 

The non-convexity is handled by exploiting the 
cusp-like topology of the objective function, as identified 
through preliminary grid-search analysis. Under these 
conditions, Powell's conjugate direction method demon-
strates robust convergence behavior. Alternatively, ge-
netic algorithms can be employed to guarantee global 
optimality, albeit with higher computational expense. 

 
Figure 1. Hydrogen production plant scheme. 
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The high-dimensional search space is handled 
through a warm-start initialization strategy [11], wherein 
the discarded portion of the previous optimization solu-
tion provides the initial guess for subsequent iterations: 

𝑋𝑋����� �����
�+1

= [𝑋𝑋2�,𝑋𝑋3�,𝑋𝑋4�, … ,𝑋𝑋�����������−1
� ,𝑋𝑋�����������

� ,𝑋𝑋�����������
� ] 

(13) 

 where 𝑋𝑋 represents an arbitrary decision variable 
stream. The final time step is replicated since 𝑡𝑡���������� in-
itial values are required while only 𝑡𝑡���������� − 1 values are 
available from the previous solution. For the initial simu-
lation step, where no prior solution exists, genetic algo-
rithms are employed due to their lack of initialization re-
quirements. 

Renewable energy forecast modeling 
Given the reliance on imperfect renewable energy 

forecasts and the difficulty in obtaining extended-hori-
zon predictions at high temporal resolution, synthetically 
generated forecast data are employed in this analysis. 

Artificial forecasts are derived from historical re-
newable generation profiles through application of two 
sequential perturbations: Savitzky-Golay filtering and 
time-dependent stochastic deviation. 

The Savitzky-Golay filter attenuates high-frequency 
components while preserving underlying trends, thereby 
replicating the smoothing effect inherent to forecast 
models with limited temporal resolution. 

Time-dependent stochastic perturbations are sub-
sequently applied to represent forecast degradation with 
increasing prediction horizon. The filtered profile is mod-
ulated by a scaling factor incorporating both temporal 
distance from the present and normally distributed ran-
dom variability: 

𝜀𝜀��� = (𝑢𝑢1 + 𝑢𝑢2 ∙ 𝑡𝑡) ∙ 𝑟𝑟𝑟𝑟𝑟𝑟𝑑𝑑������ (14) 

𝐸𝐸���
�������� = 𝐸𝐸���

��−�������� ∙ �1 + 𝜀𝜀���� (15) 

where the parameters 𝑢𝑢1 and 𝑢𝑢2 characterize fore-
cast accuracy, and 𝐸𝐸���

��−�������� denotes the Savitzky-Go-
lay-filtered generation profile. 

This methodology enables a realistic representation 
of operational forecast behavior, yielding results con-
sistent with actual forecasting system performance. 

Constraint-correction procedure 
Due to discrepancies between optimal solution 

computed using forecast data and actual system behav-
ior under real renewable generation profiles, constraint 
violations may occur during implementation despite sat-
isfying constraints during optimization. 

To address this issue, a post-processing correction 
procedure is applied at each time step to enforce con-
straint satisfaction based on realized operating 

conditions. 
The correction algorithm proceeds hierarchically 

from downstream process requirements toward up-
stream renewable generation. For each system variable 
(flows and inventories), feasibility is evaluated against 
operational bounds. When violations are detected, the 
manipulated variables are adjusted to restore constraint 
satisfaction. 

For a generic variable 𝑋𝑋, the corrected value 𝑋𝑋����� 
and the constraint function 𝜓𝜓� to be satisfied are defined 
as: 

𝑋𝑋����� = �
𝑋𝑋���    𝑖𝑖𝑖𝑖 𝑋𝑋 > 𝑋𝑋���

𝑋𝑋   𝑖𝑖𝑖𝑖 𝑋𝑋��� ≤ 𝑋𝑋 ≤ 𝑋𝑋���

𝑋𝑋���    𝑖𝑖𝑖𝑖 𝑋𝑋 < 𝑋𝑋���
 (16) 

𝜓𝜓� = 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑙𝑙��𝐸𝐸����,𝐹𝐹����,𝐸𝐸����� − 𝑋𝑋����� (17) 

Where 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑙𝑙� represents the governing equation for 
variable 𝑋𝑋 . 

The hierarchical structure processes constraints se-
quentially. Initially, the constraint function 𝜓𝜓 for 𝐹𝐹����� is 
enforced through adjustment of 𝐹𝐹����. Subsequently, two 
independent subsystems address constraints on 𝑚𝑚���� 
and 𝐸𝐸��, coupled respectively with 𝐹𝐹����� through 𝐹𝐹���� and 
𝐸𝐸���� adjustments.  

Finally, to satisfy the BESS charge constraint 𝑄𝑄����, 
the corresponding function 𝜓𝜓 is incorporated into a sys-
tem coupling 𝐹𝐹����� and 𝐸𝐸�� constraints, with all three ma-
nipulated variables available for adjustment. 

During resolution of the 𝐸𝐸�� system, the previously 
corrected 𝑚𝑚���� value may not be preserved; however, 
this does not compromise system feasibility to all opera-
tional bounds. Physically, when energy surplus causes 
tank saturation, excess power is redirected to the BESS 
rather than the electrolyzer. In the limiting case where 
electrolyzer power remains above maximum capacity, 
power reduction yields a tank inventory slightly below 
maximum but always exceeding the uncorrected optimi-
zation result. Analogous reasoning applies to renewable 
energy deficit conditions, ensuring no operational con-
flicts arise. 

Productivity target enforcement  
The methodology enforces production of a target 

hydrogen quantity over the simulation period: 

𝑀𝑀�2
����� = 𝐹𝐹������������ ∙ 𝜃𝜃��� (18) 

where 𝐹𝐹������������ denotes the downstream facility 
nominal flow rate and 𝜃𝜃��� represents the total simulation 
duration. 

To achieve this cumulative production target, the 
𝐹𝐹����� reference production requires dynamic adjustment 
at each time step to account for deviations from nominal 
production. The objective is precise attainment of 𝑀𝑀�2

����� 
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rather than production maximization. 
The cumulative hydrogen production up to time 𝜃𝜃 

can be expressed in discrete form as: 

𝑀𝑀�2
(𝜃𝜃) = 𝑀𝑀�2

� = �𝐹𝐹������ ∙ Δ𝜃𝜃
�

�=0
 (19) 

 To satisfy the productivity constraint, the updated 
reference production 𝐹𝐹�����

�� ��� must compensate for the re-
maining production requirement: 

𝑀𝑀�2
� + 𝐹𝐹�����

�� ��� ∙ (𝜃𝜃��� − 𝜃𝜃) = 𝐹𝐹������������ ∙ 𝜃𝜃��� (20) 

Yielding: 

𝐹𝐹�����
�� ��� =

𝐹𝐹������������ ∙ 𝜃𝜃��� − 𝑀𝑀�2
�

𝜃𝜃��� − 𝜃𝜃
 (21) 

The updated reference production is subsequently 
bounded within operational limits 𝐹𝐹��������  and 𝐹𝐹�������� . 

This formulation exhibits fundamental limitations: 
when the computed reference production saturates at ei-
ther bound, the productivity target becomes unattaina-
ble, as the physically required reference production ex-
ceeds the admissible operating range. Additionally, sto-
chastic fluctuations cause the average production to sys-
tematically deviate from the reference production when 
operating at the constraints, progressively amplifying the 
deviation between ideal and constrained reference pro-
duction values. 

An alternative formulation addresses this issue by 
distributing the production deficit over a fraction of the 
remaining horizon rather than the entire duration. The 
original formulation is designated the "ideal reference 
production, " representing the constant flow rate that 
would achieve the target productivity. The modified for-
mulation, with 𝛼𝛼 denoting the fraction of remaining time 
considered, becomes: 

𝐹𝐹�����
�� ��� = 𝐹𝐹������������ +

𝐹𝐹������������ ∙ 𝜃𝜃 − 𝑀𝑀�2
�

(𝜃𝜃��� − 𝜃𝜃) ∙ 𝛼𝛼
 (22) 

 This expression is also subject to feasibility con-
straints within operational bounds. 

The revised formulation allows the ideal reference 
production to converge toward nominal conditions, 
thereby reducing cumulative productivity deviations. 

Both formulations exhibit pronounced oscillatory 
behavior near simulation termination, as illustrated in Fig-
ure 2, attributable to the diminishing remaining time in the 
denominator, which amplifies the sensitivity to produc-
tion deviations.  

Figure 2 also demonstrates that reference produc-
tions persistently exceed nominal production rates 
throughout most of the simulation period. This phenom-
enon arises because renewable energy deficits necessi-
tate elevated reference productions, while surplus re-
newable generation is preferentially allocated to buffer 

charging rather than production intensification. 
 

 
Figure 2: Comparison of the reference productions: 
“new” (solid orange), “ideal” (dashed magenta) and 
nominal conditions (dotted blue). 

RESULTS AND DISCUSSION 
The proposed methodology is validated through a 

case study focused on hydrogen production for a down-
stream ammonia plant. Renewable energy availability is 
derived from data provided by the California Independent 
System Operator (CAISO) [12] from 2020. 

The optimal sizing of the units, the definition of nom-
inal operating conditions for the downstream plant, and 
the identification of operational constraints are deter-
mined using the methodologies developed by Isella and 
Manca, as described in [13, 14] and subsequently inte-
grated in [15]. Constant parameters are obtained from 
technical reports and peer-reviewed scientific literature. 
Weighting factors are fine-tuned based on a combination 
of parametric analysis and engineering judgment, reflect-
ing the relative importance of each objective term. Pa-
rameters such as 𝑡𝑡���������� and 𝛼𝛼 are selected as compro-
mises between, respectively, model accuracy and com-
putational efficiency, and between error correction 
speed and reference production oscillations. 

The two buffer units and the electrolyzer are as-
sumed to be highly flexible, with no limitations related to 
rapid variations in ramping rates. Additionally, the self-
discharge of both buffer units is considered negligible, 
and the charging and discharging efficiencies of the hy-
drogen tank are assumed to be unity, implying no hydro-
gen losses. 

The one-year dynamic simulation required 2106 s of 
CPU time on a conventional Windows computer (Intel 
Core i7-1195G7 @ 2.9 GHz, 11th generation, 16 GB RAM), 
running Python code pre-compiled using Numba JIT. The 
average computation time per simulation step was 0.24 
s, demonstrating that the proposed methodology is com-
patible with real-time execution. 

The results of the case study show that the average 
renewable and grid power supplied to the battery energy 
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storage system (BESS) and the electrolyzer is approxi-
mately 54.16 MW. This value is consistent with the elec-
trolyzer energy demand under nominal operating condi-
tions, as expressed by: 

𝐸𝐸��������� = 𝐹𝐹������������/𝑐𝑐�� ≈ 54 𝑀𝑀𝑀𝑀  (23) 

where 𝐹𝐹������������ = 1000 ���2
ℎ

 and 𝑐𝑐�� = 18.5 𝑘𝑘𝑔𝑔�2
/𝑀𝑀𝑀𝑀ℎ. 

Both the BESS and the hydrogen tank exhibit similar 
seasonal trends, with higher state-of-charge levels dur-
ing the summer and nearly depleted conditions during the 
winter. The BESS, however, experiences larger fluctua-
tions due to its smaller capacity. The sizing methodology 
[15] results in a BESS capacity of 31.81 MWh and a tank 
capacity of 14.58 tH₂. Consequently, the BESS frequently 
reaches full charge or discharge to mitigate renewable 
power variability. 

As expected, the electrolyzer operates predomi-
nantly near its nominal capacity to ensure the target hy-
drogen production rate of 1000 kgH₂/h. Owing to its high 
flexibility, the electrolyzer exhibits frequent load varia-
tions, which contribute to a reduced required BESS ca-
pacity relative to the hydrogen tank. The larger tank size 
is also justified by the stringent constraints imposed by 
the downstream plant, which require the hydrogen flow 
rate to remain within the range of 700 to 1100 kgH₂/h, as 
can be seen in Figure 3. In this context, the tank plays a 
crucial role in ensuring operational stability and prevent-
ing sudden and large fluctuations in hydrogen supply. 

 
Figure 3: Hydrogen flow rate to the downstream plant. 

A comparison between the hydrogen flow rate ob-
tained in this scenario and that of a configuration without 
scheduling and buffer systems highlights the importance 
of the proposed approach. In the absence of buffers and 
scheduling, operational constraints are systematically vi-
olated, and the plant fails to meet its required operating 
limits. 

From an economic standpoint, the minimum lev-
elized cost of hydrogen (LCOH), accounting only for cap-
ital expenditure, is given by: 

𝐿𝐿𝐿𝐿𝐿𝐿𝐻𝐻��� = 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶
𝑀𝑀�2
����� =

∑ 𝑠𝑠𝑠𝑠𝑠𝑠𝑒𝑒� ∙
𝑐𝑐𝑐𝑐𝑐𝑐𝑡𝑡�
𝑙𝑙𝑙𝑙𝑙𝑙𝑒𝑒��

𝑀𝑀�2
�����

= 3.00𝑈𝑈𝑈𝑈𝑈𝑈𝑘𝑘𝑔𝑔�2

 

(24) 

where the capital cost is defined as the sum of the pur-
chase costs of each unit divided by their respective ex-
pected lifetimes. 

The actual LCOH also includes the cost of electricity 
consumption and the effective hydrogen production. In 
the present analysis, revenues from selling excess elec-
tricity to the grid are not considered, and the excess re-
newable generation is curtailed; therefore, the resulting 
LCOH represents a conservative estimate. Assuming a 
constant electricity price of 100 USD/MWh, the final 
LCOH is: 

𝐿𝐿𝐿𝐿𝐿𝐿𝐻𝐻��� =
𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 + 𝑐𝑐𝑐𝑐𝑐𝑐𝑡𝑡���� ∙ 𝐸𝐸����

���

𝑀𝑀�2
����

= 3.31𝑈𝑈𝑈𝑈𝑈𝑈𝑘𝑘𝑔𝑔�2

 
(25) 

The total hydrogen production over the simulation 
period amounts to 8759.949 tH₂, compared to a target 
value of 8760 tH₂. The discrepancy of 51 kgH₂ is consid-
ered negligible and can be attributed to forecast–reality 
mismatches. First, industrial flowmeters typically exhibit 
an accuracy of approximately 0.25%, corresponding to a 
minimum detectable deviation of about 22 tH₂, which is 
several orders of magnitude larger than the observed dif-
ference. Second, contractual agreements with the down-
stream plant are assumed to allow for limited operational 
flexibility, such that a deviation of 0.0006% does not in-
cur penalties. Finally, at the end of the simulation, ap-
proximately 670 kgH₂ of hydrogen remains available in the 
tank, allowing the missing production to be compensated 
without violating any operational constraints and fully 
compensating for the observed overproduction. 

From an environmental perspective, the only emis-
sions associated with hydrogen production in the pro-
posed system originate from grid electricity generation. 
The simulation indicates a grid electricity consumption of 
26.94 GWh, which corresponds to estimated emissions 
of 0.92 kgCO₂/kgH₂, assuming a grid emission factor of 0.3 
kgCO₂/kWh. 

This emission intensity can be compared with con-
ventional hydrogen production pathways, such as steam 
methane reforming and water-gas shift processes, 
whose emissions are typically estimated to range from 10 
kgCO₂/kgH₂ for natural gas-based systems to 26 kgCO₂/kgH₂ 
for coal-based systems. The proposed approach there-
fore achieves a reduction of more than one order of mag-
nitude relative to conventional technologies. 

The current system configuration does not explicitly 
include the compression stage between the electrolyzer, 
the hydrogen tank, and the downstream plant. However, 
a post-processing analysis indicates that incorporating 
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the compression system would increase the final LCOH 
by less than 3%. 

The specific compression work is evaluated based 
on the inlet and outlet pressures (corresponding to the 
electrolyzer outlet pressure and the tank inlet pressure, 
representing the case with the largest pressure differen-
tial), the electrolyzer operating temperature, the com-
pressor efficiency, and the thermodynamic properties of 
hydrogen: 

𝑙𝑙����
���� = 1

𝜂𝜂����
∙ 𝛾𝛾
𝛾𝛾 − 1 ∙

𝑅𝑅
𝑀𝑀𝑊𝑊�2

∙ 𝑇𝑇1 ∙ ��
𝑃𝑃2
𝑃𝑃1
�
�−1
�  
− 1� (26) 

 Assuming a pressure ratio of 30, an inlet tempera-
ture of 60 °C, and a compressor efficiency of 0.6, the re-
sulting specific compression work is 0.004 MWh/kgH₂. 

If the required compression energy is supplied ex-
clusively from the grid and only in the absence of renew-
able energy surplus, the updated LCOH becomes 3.42 
USD/kgH₂. This corresponds to an increase of less than 
3%, or 0.11 USD/kgH₂, relative to the configuration without 
the compression unit. 

CONCLUSIONS 
This work presents a novel approach for the sched-

uling of hydrogen production plants. The proposed 
framework introduces a robust methodology that solves 
a multidimensional optimization problem over a receding 
horizon, enabling the delivery of a target hydrogen flow 
rate to the downstream plant while simultaneously reduc-
ing unit stress and grid electricity consumption, and en-
suring strict compliance with all operational constraints. 

The use of imperfect renewable energy forecasts 
significantly enhances the realism of the analysis and 
demonstrates the robustness of the methodology in 
managing discrepancies between forecasted and actual 
energy availability. Despite these mismatches, the sys-
tem consistently satisfies all operational constraints. A 
further key feature of the proposed approach is its ability 
to guarantee the target hydrogen productivity through 
dynamic adjustment of the operating reference produc-
tion. 

From an economic standpoint, the resulting lev-
elized cost of hydrogen (LCOH) is consistent with values 
reported in the literature and remains below current in-
dustrial hydrogen production costs. From an environ-
mental perspective, the methodology achieves a reduc-
tion in carbon dioxide emissions of approximately one or-
der of magnitude compared to conventional hydrogen 
production pathways, such as natural gas- or coal-based 
processes. 

The proposed approach is fully automated and does 
not require human intervention during operation, thereby 
reducing the risk of human-related errors. The operator’s 
role is limited to system supervision and fault detection. 

Furthermore, the methodology is general in nature and 
can be readily adapted to existing industrial facilities, of-
fering a practical pathway to improve operational effi-
ciency and overall system performance. 

Despite these advantages, several limitations 
should be acknowledged. First, the renewable energy 
forecast model lacks full accuracy, as it is derived as a 
post-processing step from real energy profiles. Addition-
ally, the stochastic component is defined as a fixed per-
centage of the filtered profile, resulting in increasing ab-
solute deviations at higher renewable generation levels 
(e.g., during summer periods), even though the relative 
error remains constant. Second, operational and mainte-
nance costs are not included in the LCOH calculation, 
which would lead to a higher overall cost estimate. Third, 
the electricity price is assumed to be constant, whereas 
in practice it is time-dependent and subject to market 
variability. Finally, although its contribution is relatively 
minor, the compression system should be explicitly inte-
grated into the main system model. 

Future developments may include the extension of 
the methodology to islanded systems, where access to 
grid electricity is not available. In addition, a more de-
tailed and explicit modeling of downstream processes, 
such as ammonia or methanol synthesis plants, would 
further enhance the industrial relevance and applicability 
of the proposed approach. 
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