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Abstract. Hydrogen is a key energy carrier for decarbonizing multiple sectors, particularly when 

produced via water electrolysis powered by renewable energy. Proton exchange membrane 

(PEM) electrolyzers are well suited for this application due to their ability to rapidly adjust to 

fluctuating power inputs. Despite being conventionally operated at high temperatures and 

pressures to reduce heating and compression needs, recent studies suggest that under partial loads, 

lower operating conditions may enhance efficiency. This study introduces a novel optimization 

framework for dynamically adjusting pressure and temperature in PEM electrolyzers. The model 

integrates an efficiency map within a Mixed-Integer Linear Programming (MILP) formulation 

and applies McCormick tightening to address nonlinearities. A one-week case study demonstrates 

operational cost reductions of up to 12.5% through optimal control, favoring lower temperatures 

and pressures at low current densities and higher temperatures near rated load, while maintaining 

moderate pressures. The results show improved efficiency and reduced hydrogen crossover, 

enhancing safety and enabling scalable application over extended time horizons. These insights 

are valuable for long-term planning and evaluation of hydrogen production and storage systems. 
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Nomenclature 

Electrochemical model 

𝑈𝑐𝑒𝑙𝑙   Cell voltage (V) 

𝑈𝑎𝑐𝑡   Activation overvoltage (V) 

𝑈𝑜𝑐𝑣   Open-circuit voltage (V) 

𝑈𝑟𝑒𝑠   Ohmic overvoltage (V) 

𝑇   Stack temperature (K) 

𝑝𝑐, 𝑝𝑎   Cathode, anode working pressure (Pa) 

∆𝐺𝑇  Free Gibbs energy difference of the electrolysis at temperature 𝑇 

(J/mol) 

∆ℎ𝑇    Enthalpy difference of the electrolysis at temperature 𝑇 (J/mol) 

∆𝑠𝑇  Entropy difference of the electrolysis at temperature 𝑇 (J/mol∙K) 

ℎ𝑇
𝑥,𝑝

 Enthalpy difference of the substance 𝑥 in phase 𝑝 at temperature 𝑇 with 

respect to the standard enthalpy (J/mol) 

𝑠𝑇
𝑥,𝑝

 Entropy difference of the substance 𝑥 in phase 𝑝 at temperature 𝑇 with 

respect to the standard entropy (J/mol∙K) 

𝑅   Gas constant (J/mol∙K) 

𝛼   Charge transfer coefficient (-) 

𝑧   Number of electrons (-) 

𝐹   Faraday constant (C/mol) 

𝑗   Current density (A/cm²) 

𝑗0   Current exchange density (A/cm²) 

𝑗0
𝑟𝑒𝑓

   Reference current exchange density (A/cm²) 

𝐸𝐴   Activation energy (J/mol) 

𝑇𝑟𝑒𝑓   Reference temperature (K) 

𝑅0   Interface resistance (Ω∙cm²) 

𝑑𝑚   Membrane thickness (cm) 

𝛿𝑚   Membrane swelling factor (-) 

𝜎𝑚   Membrane resistance (1/Ω∙cm) 

𝑎𝑥   Activity of the substance 𝑥 (-) 

𝑈𝑡𝑏   Thermobalanced voltage (V) 

𝑈𝑡𝑛   Thermoneutral voltage (V) 

𝐸𝐻   Energy required to heat water from 20°C to 𝑇 (J/mol) 

𝐻𝑒𝑣
𝑔𝑎𝑠

   Evaporation energy of the water (J/mol) 

𝑛̇𝑥,𝑝   Molar flow rate of substance 𝑥 in phase 𝑝 (mol/s) 

𝑝𝑠𝑣   Saturated vapor pressure (Pa) 

𝑆   Total cell active area (cm²) 

𝑄𝑤, 𝑃𝐻   Waste heat rate, heating power (W) 

𝑛̇𝑑
𝑥,𝑝

   Molar diffusion flow rate of substance 𝑥 in phase 𝑝 (mol/s) 

𝜖𝑥   Permeability of substance 𝑥 (mol/cm∙s∙Pa) 

Δ𝑓𝑥   Fugacity difference (Pa) 

𝑦𝑥   Molar fraction of substance 𝑥 (-) 

𝑝̃𝑐, 𝑝̃𝑎   Partial cathode, anode pressure (Pa) 

Υ   Proportionality factor (Pa∙cm²/A) 

𝑟𝐶   Compression ratio (-) 

𝑝𝑖𝑛, 𝑝𝑜𝑢𝑡  Inlet, outlet pressure (Pa) 

𝑁   Number of compression stages (-) 

𝑃𝐶    Compression power (W) 



𝛾   Isotropic coefficient (-) 

𝜂𝐶    Mechanical efficiency of compressor (pu) 

𝑇𝑛
𝑐𝑜𝑜𝑙𝑒𝑟   Intercooler temperature in stage 𝑛 (K) 

𝜂𝐹   Faraday efficiency (pu) 

𝜂   System efficiency (pu) 

LHV𝑥   Lower heating value of substance 𝑥 (J/mol) 

Scheduling model 

𝑃𝑖𝑚, 𝑃𝑒𝑥  Power imported, exported with the grid (MW) 

𝑊𝑖𝑚, 𝑊𝑒𝑥  Importing, exporting energy price (€/MWh) 

𝑢𝑠𝑢   Start-up status (binary) 

𝑐𝑠𝑢   Start-up costs (€) 

𝑃𝑃𝑉   Photovoltaic generation (MW) 

𝑢𝑠𝑏   Standby status (binary) 

𝑃𝑠𝑏   Standby consumption (MW) 

𝑢𝐺𝑟𝑖𝑑   Importing/exporting status (binary) 

𝑃
𝐺𝑟𝑖𝑑

   Importing/exporting cap (MW) 

𝑚̇𝑃𝐸𝑀   Hydrogen generation (kg/h) 

𝑚̇𝑠   Hydrogen directly supplied (kg/h) 

𝑚̇𝑖𝑛, 𝑚̇𝑜𝑢𝑡  Hydrogen storage inflow, outflow (kg/h) 

𝑚̇𝐷   Total hydrogen supplied (kg/h) 

𝑚   Hydrogen demand (kg/h) 

𝑀   Total hydrogen stored (kg) 

𝑀, 𝑀   Minimum, maximum capacity of the storage system (kg) 

𝑢𝑆   Charging/discharging status (binary) 

𝑚
𝑖𝑛

, 𝑚
𝑜𝑢𝑡

  Inflow, outflow rate (kg/h) 

𝑢𝑜𝑛, 𝑢𝑜𝑓𝑓  Electrolyzer on, off status (binary) 

𝑗, 𝑗   Minimum, maximum current density (A/cm²) 

Proposed solution strategy 

𝐾   Number of current density maps evaluated (-) 

𝑤   Auxiliary variable to linearize the efficiency map (binary) 

𝜑   Auxiliary variable representing the inverse of the efficiency (pu) 

𝜓 Auxiliary variable to linearize the product of current density and 𝜑 

(A/cm²) 

𝜔 Auxiliary variable to linearize the product of current density and 𝜂𝐹 

(A/cm²) 

𝑖 Iteration counter (-) 

𝜁, 𝜁 Contraction factor and its minimum value (pu) 

𝑡𝑜𝑙 Convergence threshold (-) 

𝜅 Auxiliary parameter (-) 

1 – Introduction 

1.1 – Context and motivation 

The growing ambition to address climate change, as strongly reflected in the 2015 Paris 

Agreement and the European Green Deal, has significantly heightened the focus on hydrogen as 

a key energy carrier for the future energy transition [1]. Due to its versatility, hydrogen has the 

potential to contribute to the decarbonization of multiple sectors, including chemical production, 



steelmaking, and shipping, among others [2]. Furthermore, hydrogen could serve as a storage 

medium for electricity generated from renewables, thus facilitating the massive penetration of 

renewable generators into the power system [3]. To ensure environmental sustainability through 

the widespread use of hydrogen, its production method needs to be carbon neutral. Currently, the 

overwhelming majority of hydrogen production is reliant on fossil fuels (predominantly, natural 

gas) [4], underscoring the urgent need to develop and promote clean hydrogen production 

technologies, such as water electrolysis powered by renewables. 

1.2 – Water electrolysis technologies 

 Nowadays, alkaline electrolyzers represent the most mature technology for water electrolysis 

[5]. Alkaline technology features high efficiency and low investment costs [6]. However, proton 

exchange membrane (PEM) electrolyzers are recognized for their superior dynamic response, 

which allows them to adjust their operating conditions. This capability makes PEM electrolyzers 

particularly suitable for the integration of intermittent renewable energy sources, such as wind 

and solar power [7]. Thereby, PEM electrolyzers can be scheduled based on forecasted renewable 

generation or energy prices, enhancing their economic performance and efficiency. Accordingly, 

this work focuses on optimizing the operation of PEM electrolyzers in response to variable 

renewable energy generation and energy price fluctuations.  

Alternative electrolysis technologies, such as Solid Oxide Electrolyzers (SOE) [8] and Anion 

Exchange Membrane Electrolyzers (AEME) [9], offer promising features and have the potential 

to address some of the limitations associated with conventional alkaline and PEM technologies. 

For instance, SOE units require less electrical energy for hydrogen production compared to PEM 

electrolyzers, owing to their ability to utilize thermal energy. However, they operate at elevated 

temperatures and typically require a high-temperature external heat source to maintain optimal 

conditions [10]. By contrast, AEMEs have the potential to produce hydrogen at lower costs, but 

their current performance is hindered by limited catalyst activity and low membrane conductivity 

[11]. Furthermore, both SOEs and AEMEs remain in the developmental stage and have yet to 

achieve widespread commercial deployment.   

1.3 – Scheduling models for PEM electrolyzers 

Most of the existing scheduling models for PEM electrolyzers rely on significant 

simplifications. These approaches typically consider the input power or hydrogen output as the 

sole control variable, thus resulting in a black-box model. The simplest models assume constant 

efficiency and a single operational state. Such approaches have been successfully applied to 

planning models [12] or integrated assessment tools [13], within different frameworks such as 

power systems [14], microgrids [15] or energy communities [16], among others. More 

sophisticated models, however, account for different operational states. For instance, a two-state 

operational model (on, off) is utilized in [17] to evaluate the techno-economic viability of 

electrolyzers providing grid services. Furthermore, three-state models (on, off, standby) have 

been used in [18] and [19] for planning and operational tools, respectively. 

Other scheduling models assume a more realistic non-constant efficiency depending solely 

on the load level. Several approaches have been explored to model the characteristic non-constant 

efficiency of electrolyzers in scheduling tools. Pavić et al. [20] proposed a scheduling model for 

hybrid power plants integrating photovoltaic (PV) systems, batteries, and electrolysis, where the 

nonlinear electrolysis efficiency is linearized between two points using a single binary variable. 

In [21], nonlinear hydrogen production is linearized using piecewise functions, assessing the 

impact of the number of segments in the curve on the final results. Raheli et al. [22] suggested 

approximating the hydrogen production curve by quadratic interpolation, thus resulting in a 

second-order conic optimization model. 

The models discussed above consider power input as single control variable for electrolysis 

scheduling. However, as with other technologies [23], the efficiency of PEM electrolysis is 



affected by various operational parameters, namely power consumption, stack temperature, and 

working pressure [24]. While power-driven models can account for the effect of loading level on 

efficiency, they neglect the impact of temperature and pressure. Current commercial PEM 

electrolyzers allow working over a wide range of temperatures and pressures, enabling degrees 

of freedom to maximize the efficiency of electrolysis. In this regard, although several works 

demonstrate that the highest efficiency is typically achieved at low loading levels [25], the effect 

of temperature and pressure remains unclear, with some works suggesting that operating at low 

temperatures and pressures may be advantageous at low loading levels [26], thus contradicting 

theoretical foundations [27]. 

The effect of temperature has been considered in a number of works. Nevertheless, many of 

these studies assume fixed loading conditions [28-30], which limits the ability to dynamically 

adjust the working temperature for different loading levels. In [31], the nonlinear correlation 

between temperature and efficiency is approximated using tangent planes. However, this 

approximation relies on a reference point near the rated electrolyzer power. Although this 

approach may be valid for alkaline electrolyzers, it represents a questionable assumption when 

extended to PEM technologies. Baader et al. [32] approximated slow temperature dynamics in 

alkaline electrolyzers through piecewise functions, thus resulting in a Mixed-Integer-Linear 

Programming (MILP) model. Nonetheless, this approach focuses on the response of temperature 

to load variations rather than optimizing it to maximize the overall efficiency. 

Unlike stack temperature, the effect of working pressure in electrolysis efficiency has been 

less extensively investigated. Valverde et al. [33] proposed a techno-economic model for 

microgrids including electrolysis, accounting for the effect of working pressure. Nevertheless, 

this approach considers pressure as an input parameter and, in consequence, its value is not 

optimized. Likewise, Hancke et al. [34] analyzed the impact of operating at high pressures (up to 

180 bar) in PEM electrolyzers, demonstrating a general decrease in efficiency at higher pressures. 

However, this reference does not address the dynamic optimization of working pressure, treating 

it as an input parameter instead. 

Whereas the references studied in this survey focus solely on the optimization of either power, 

temperature, or pressure, the combined optimization of these three parameters to achieve high 

efficiency has not yet been explored. In this regard, Bornemann et al. [26] represent a remarkable 

exception. This work proposes an optimization model for jointly optimizing the loading level, 

stack temperature, and working pressure of PEM electrolyzers. Nevertheless, the correlation 

between these parameters and the efficiency is modeled using nonlinear relationships, resulting 

in a nonlinear programming approach. Nonlinear optimization models require specialized solvers, 

which do not ensure the reachability of the global optimum within limited computational times 

[35]. Furthermore, nonlinear programming models face challenges in incorporating binary 

variables, thus limiting the consideration of electrolyzer operational states.  

1.4 – Contributions and paper organization 

This paper aims to develop an optimization model for scheduling power consumption, stack 

temperature, and working pressure in PEM electrolyzers, thereby enabling full versatility to 

maximize the overall efficiency of the electrolysis process. The proposed model seeks to address 

some of the limitations of the approach described in [26], offering two key advantages: 

• The proposed model overcomes the nonlinear limitations inherent in the approach 

outlined in [26], which constrain its applicability and impede the integration of detailed 

operational representations. To address this, a novel Tightening-McCormick linearization 

strategy is employed, enabling the formulation of a highly accurate yet computationally 

efficient linear model. This approach captures the influence of loading level, stack 

temperature, and operating pressure within a MILP framework. As a result, globally 

optimal solutions can be obtained using standard optimization solvers, eliminating the 

need for specialized solution techniques. This enhances the model’s portability and 



facilitates its integration into broader optimization environments, such as long-term 

planning and energy system analysis tools. 

• Owing to its linear structure, the proposed approach enables a straightforward 

representation of the operational states of PEM electrolyzers. Specifically, the three-state 

operational model presented in [21] is seamlessly integrated into the power-temperature-

pressure optimization framework, resulting in a unified model capable of identifying 

efficient operating points while simultaneously generating realistic scheduling plans. In 

contrast to the nonlinear formulation in [26], which limits the incorporation of discrete 

operational modes, the linear MILP-based approach developed in this work allows the 

use of binary variables to represent state transitions in a computationally efficient and 

transparent manner. 

In this context, and to the best of our knowledge, this study presents the first approach that 

simultaneously optimizes power, temperature, and pressure in PEM electrolyzers while explicitly 

incorporating operational states, all within a portable MILP framework. As such, the proposed 

model offers greater versatility and ease of implementation compared to prior approaches, such 

as that presented in [26], which rely on nonlinear formulations requiring dedicated solvers. By 

contrast, the linear formulation developed herein enables the use of widely available off-the-shelf 

solvers, making it more accessible and cost-effective from both computational and practical 

perspectives. This work thus contributes a valuable and adaptable computational tool that can be 

readily integrated into higher-level optimization platforms, such as energy system planning 

models, thereby facilitating more accurate and practical evaluations of PEM electrolyzer 

installations. 

The new proposal is applied to a benchmark case study, where local hydrogen demand is 

supplied from a PEM electrolyzer, incorporating a PV system and hydrogen storage, as illustrated 

in Fig. 1. Several results are provided and discussed with the aim of validating the developed 

model and providing further insights on the effect of temperature and pressure on the efficiency 

of PEM electrolysis, thus complementing the conclusions in [26]. 

 In the rest of the paper, Section 2 details the electrochemical model of PEM electrolyzers 

incorporating the effects of temperature and pressure. Section 3 outlines the scheduling model of 

the plant incorporating a PV system and hydrogen storage, along with the three-state operational 

model of the electrolyzer. Section 4 applies different linearization techniques in order to optimize 

power, temperature, and pressure employing a MILP model. Section 5 presents a case study with 

results. Finally, the main conclusions are duly drawn in Section 6.  

 
Fig. 1 – Schematic diagram of the benchmark case study incorporating PEM electrolysis and basic 

notation used throughout the paper. Time dependence is omitted in the figure for simplifying the notation. 



2 – Electrochemical model 

This section presents the electrochemical model of PEM electrolyzers, which is based on 

different well-known models documented in [25, 26, 36]. To simplify the notation, the 

dependence of time (i.e., 𝑡) is omitted throughout. For reproducibility, readers are referred to the 

data link in [26] and the IDAES manual [36], where the coefficients used in the model are 

provided. Furthermore, the particular data employed in this paper are reported in Section 5 and 

mostly align with those in the case study in [26]. 

As discussed later in the paper, the electrochemical model detailed in this section is based on 

well-established expressions that have been validated within the typical operational range of PEM 

electrolyzers. Accordingly, it is assumed that it can be applied to any commercial PEM 

electrolyzer without significant errors, provided that the operational temperature and pressure 

remain within 20 °C to 80 °C and up to 30 bar, respectively. 

2.1 – Cell voltage 

When the electrolysis reaction begins, current flows lead to an increment of the cell voltage 

above the open-circuit value. Overvoltages arise due to kinetic limitations and ohmic resistances 

within the cell. According to [26], diffusion overvoltages can be neglected as their impact is 

marginal for the current densities under consideration. Therefore, the total cell voltage can be 

expressed as the sum of the open-circuit voltage, and activation and ohmic overvoltages, as 

follows: 

𝑈𝑐𝑒𝑙𝑙 = 𝑈𝑜𝑐𝑣 + 𝑈𝑎𝑐𝑡 + 𝑈𝑟𝑒𝑠 (1) 

The open-circuit voltage is calculated in (2) as a function of the free Gibbs energy, the number 

of electrons involved in the reaction, and the Faraday constant. 

𝑈𝑜𝑐𝑣 =
∆𝐺𝑇

𝑧𝐹
 (2) 

The free Gibbs energy depends on the enthalpy and entropy differences of the electrolysis 

reaction, as well as on temperature, as follows: 

∆𝐺𝑇 = ∆ℎ𝑇 − 𝑇∆𝑠𝑇 (3) 

The enthalpy and entropy differences can be calculated as the partial differences of each 

substance with respect to the standard values. For example, the enthalpy difference ∆ℎ𝑇 is 

calculated as in (4), while the entropy difference can be calculated using a similar approach. 

∆ℎ𝑇 = 𝐻𝑇
H2,𝑣 + 0.5𝐻𝑇

O2,𝑣 − 𝐻𝑇
H2O,𝑙 (4) 

In this study, enthalpy and entropy differences relative to standard reference conditions are 

determined using established correlations fitted to experimental data. Specifically, molar-phase 

enthalpy and entropy values for gases are calculated using the formulations provided in [37], 

while thermodynamic properties for the liquid phase are derived from the expressions in [38]. It 

is important to highlight that these expressions are validated within specific temperature ranges: 

the gas-phase correlations for hydrogen and oxygen in [38] are applicable from −173.15 °C to 

427 °C, and the liquid-phase correlations in [38] are valid between −1 °C and 280 °C. Given that 

the typical operating temperature range of PEM electrolyzers spans from 20 °C to 80 °C [26], the 

selected expressions are deemed appropriate and sufficiently accurate for the purposes of this 

work. 

On the other hand, the activation overvoltage is given by an approximation of the Tafel 

equation in (5) [26]. 

𝑈𝑎𝑐𝑡 =
𝑅𝑇

𝛼𝑧𝐹
ln (

𝑗

𝑗0
) (5) 



In line with [26], the cathodic activation overvoltage is neglected and only the anodic 

activation overvoltage is considered. The temperature dependence of the current exchange density 

(𝑗0) can be established by the following relationship [39]: 

𝑗0 = 𝑗0
𝑟𝑒𝑓
𝑒
(−

𝐸𝐴
𝑅𝑇
(1−

𝑇

𝑇𝑟𝑒𝑓
))

 (6) 

Lastly, the ohmic overvoltage depends on the current density and membrane parameters, as 

follows: 

𝑈𝑟𝑒𝑠 = 𝑗 (𝑅0 +
𝑑𝑚𝛿𝑚

𝜎𝑚
) (7) 

where the membrane resistance (𝜎𝑚) shows a nonlinear dependence with temperature, as shown 

in (8) [39]. 

 𝜎𝑚 = (0.6887 + 𝑎H2O)
3
𝑒

(
−10,440(𝑎H2O)

0.25

𝑅𝑇
)

 (8) 

2.2 – Heat management 

During the electrolysis reaction, heat is generated internally due to overvoltages, while phase 

change from liquid water to gaseous hydrogen and oxygen results in cooling of the cell. 

Additionally, the inlet water needs to be pre-heated to reach the desired stack temperature. These 

processes require a heat management system that maintains the cell temperature within safe limits 

while controlling the temperature of the water flowing into the reactor. It is assumed that water is 

pre-heated by supplying heating power (𝑃𝐻), while waste heat leaves the system boundary. The 

relationships between the heat generated internally, and the additional heat supplied to increase 

the water temperature, can be expressed via the thermobalanced voltage, which is given by [25]: 

𝑈𝑡𝑏 = 𝑈𝑡𝑛 +
𝑇∆𝑠𝑇+𝐸

𝐻+𝐻𝑒𝑣
𝑔𝑎𝑠

𝑧𝐹
 (9) 

The thermoneutral voltage (𝑈𝑡𝑛) stands for the ideal voltage reaction, i.e., the cell voltage for 

which the reaction is thermally balanced [26]. The thermoneutral voltage can be calculated using 

the enthalpies of the species involved, as follows: 

𝑈𝑡𝑛 =
Δ𝐻𝑇

𝑧𝐹
 (10) 

In (9), 𝐸𝐻 corresponds to the energy that needs to be supplied to increase the water 

temperature through pre-heating. According to [26], 𝐸𝐻 can be calculated as a function of the 

difference of enthalpies between the input and output of the heater, as expressed in (11). 

𝐸𝐻 = (𝐻𝑇
H2O,𝑙 −𝐻20°𝐶

H2O,𝑙) ⋅ (1 +
𝑛̇H2O,𝑣

𝑛̇H2,𝑣
) (11) 

Note that inflow water is considered to be at 20 °C, as customary [25]. In (11), the amount of 

water vapor is calculated using (12), as a function of the total molar flow rate of hydrogen, the 

saturated vapor pressure and the anode and cathode working pressures [25]. It is assumed that the 

anode is at atmospheric pressure. 

𝑛̇H2O,𝑣 = 𝑛̇H2,𝑣 (
𝑝𝑠𝑣

𝑝𝑐
+ 0.5

𝑝𝑠𝑣

𝑝𝑎
) (12) 

In (12), the saturated vapor pressure is calculated using the Antoine equation [37], which is 

valid over a wide range of temperatures, while the molar flow rate of hydrogen is calculated as 

explained later on. Finally, the enthalpy of water vaporization (𝐻𝑒𝑣
𝑔𝑎𝑠

) is given by [25]: 

𝐻𝑒𝑣
𝑔𝑎𝑠

= 𝑇∆𝑠𝑇 (
𝑝𝑠𝑣

𝑝𝑐
+ 0.5

𝑝𝑠𝑣

𝑝𝑎
) (13) 



If the cell voltage exceeds the thermobalanced one, waste heat is generated. Conversely, if 

the thermobalanced voltage is greater than the cell voltage, additional heat must be provided. With 

this in mind, the waste and supplied heat rates are derived using (14). 

𝑄𝑤 = (𝑈𝑐𝑒𝑙𝑙 − 𝑈𝑡𝑏)𝑗𝑆, if 𝑈𝑐𝑒𝑙𝑙 > 𝑈𝑡𝑏

𝑃𝐻 = (𝑈𝑡𝑏 − 𝑈𝑐𝑒𝑙𝑙)𝑗𝑆, if 𝑈𝑐𝑒𝑙𝑙 < 𝑈𝑡𝑏
 (14) 

2.3 – Gas crossover 

In PEM electrolyzers, gas transfer occurs due to the permeation of the membrane. Thereby, 

the permeated oxygen recombines with the hydrogen at the cathode, while a portion of the 

hydrogen permeates directly to the anode, leading to a loss of overall usable hydrogen. Hydrogen 

and oxygen diffusion can be calculated using the Fick’s law, as follows: 

𝑛̇𝑑
𝑥,𝑣 = 𝜖𝑥𝑆

Δ𝑓𝑥

𝑑𝑚𝛿𝑚
; 𝑥 ∈ {H2, O2} (15) 

where the temperature-dependent permeabilities for each substance are defined by (16) [40]. 

𝜖H2 = 1.9 ⋅ 10−17𝑒(0.0225/𝑇)

𝜖O2 = 3 ⋅ 10−19𝑒(0.0191/𝑇)    
 (16) 

It is noteworthy that the expressions in (16) align with those used in [26] and are therefore 

considered suitable for the typical operational ranges of PEM electrolyzers. The total molar flow 

rate of hydrogen generated can be calculated as shown in (17), while (18) provides the amount of 

oxygen by-produced. Consequently, the molar fraction of each substance can be readily calculated 

as outlined in (19). 

𝑛̇H2,𝑣 =
𝑗𝑆

𝑧𝐹
 (17) 

𝑛̇O2,𝑣 =
𝑛̇H2,𝑣

2
 (18) 

𝑦𝑥 =
𝑛̇𝑥,𝑣

𝑛̇H2,𝑣+𝑛̇O2,𝑣
; 𝑥 ∈ {H2, O2} (19) 

The increase in partial pressures due to gas permeability needs to be taken into account. In 

line with [26], the cathode partial pressure is calculated using (20), which includes a proportional 

factor expressing the dependence with the current density (i.e., Υ). 

𝑝̃𝑐 = 𝑦H2𝑝𝑐 + Υ𝑗 (20) 

Finally, the molar flow rate of hydrogen calculated in (17) is adjusted by considering the 

amount of hydrogen permeated to the anode and the amount of oxygen that recombines with 

hydrogen at the cathode, as follows: 

𝑛̇H2,𝑣 = 𝑛̇H2,𝑣 − 𝑛̇𝑑
H2,𝑣 − 2𝑛̇𝑑

O2,𝑣 (21) 

2.4 – Compression 

The hydrogen produced can either be supplied directly to the demand, or stored in high-

pressure vessels. In line with [26], a 200 bar multi-stage compression system is considered in this 

paper. To minimize the overall compression work, a 5-stage compressor with intercooler and 

aftercooler is considered. The compression ratio is given by (22), while (23) calculates the total 

compression consumption [31]. Accordingly, the compression ratio per stage is limited to the 

range of 1.46 to 2.88, thereby keeping the temperature between stages within safe values. 

𝑟𝐶 = (
𝑝𝑜𝑢𝑡

𝑝𝑐
)

1

𝑁
 (22) 

𝑃𝐶 =
𝑅𝑛̇H2,𝑣

2(𝛾−1)𝜂𝐶
(𝑟𝐶

(
𝛾−1

𝛾
)
− 1) ⋅ (𝑇 + ∑ 𝑇𝑛

𝑐𝑜𝑜𝑙𝑒𝑟𝑛=𝑁−1
𝑛=1 ) (23) 



2.5 – Efficiencies 

The objective of the developed optimization model is maximizing the system efficiency, 

which is given by (24). 

𝜂 =
𝑛̇H2,𝑣LHVH2

𝑈𝑐𝑒𝑙𝑙𝑆𝑗+𝑃𝐻+𝑃𝐶⏟            

𝑃𝑍

 (24) 

As shown, the system efficiency establishes a ratio between the energy contained in the total 

hydrogen produced and the total system consumption (𝑃𝑍), accounting for electrical, heating and 

compression demands. The Faraday efficiency, as defined in (25), measures the gas crossover by 

relating the total and usable amounts of hydrogen. 

𝜂𝐹 =
𝑛̇H2,𝑣

𝑛̇H2,𝑣+𝑛̇𝑑
H2,𝑣+2𝑛̇𝑑

O2,𝑣
 (25) 

3 – Scheduling model 

This section describes the scheduling model for the plant depicted in Fig. 1, consisting of a 

PV system, PEM electrolysis, and hydrogen storage. The operational strategy of the electrolyzer 

is formulated as a three-state model, according to [21]. Following this model, the electrolyzer can 

be operated in one of the three following states: 

• On state: the electrolyzer operates within a valid range of current densities and produces 

hydrogen with a conversion efficiency, as in (24). 

• Off state: the electrolyzer is disconnected, neither consuming power nor producing 

hydrogen. However, to switch back on, the electrolyzer requires a significant amount of 

energy, incurring in corresponding start-up costs. 

• Standby state: the electrolyzer does not produce hydrogen, but consumes power to 

maintain internal temperature and pressure, being capable of transitioning from standby 

to on rapidly without incurring in start-up costs. 

In line with [21], each state is represented by a binary variable, which indicates whether the 

electrolyzer is operated in that particular state. For instance, 𝑢𝑡
𝑠𝑏 = 1 indicates that the 

electrolyzer is in standby mode at time 𝑡. The formulation presented in this section includes 

dependence on time (𝑡), denoted as a subscript. 

3.1 – Objective function 

In this paper, the objective is to minimize the total energy cost over a predefined time horizon 

𝒯 (typically one week). For the plant under study, the total energy cost can be expressed, as 

follows: 

𝐶𝑜𝑠𝑡 = ∑ {𝑃𝑡
𝑖𝑚𝑊𝑡

𝑖𝑚 − 𝑃𝑡
𝑒𝑥𝑊𝑡

𝑒𝑥 + 𝑢𝑡
𝑠𝑢𝑐𝑠𝑢}𝑡∈𝒯  (26) 

The cost function (26) encompasses three terms. The first term represents the cost of imported 

energy from the upscale grid, priced under wholesale electricity prices (i.e., 𝑊𝑖𝑚). Wholesale 

prices are assumed to be dynamic, fluctuating hourly, as is common in wholesale electricity 

markets [41]. Nevertheless, other types of pricing mechanisms could be considered (e.g., flat 

tariffs). Likewise, the second term in (26) accounts for revenues from exporting energy, priced 

according to dynamic export rates (i.e., 𝑊𝑒𝑥). The export price may be the same as the import 

price or different, though a discount factor is typically applied [42]. The last term is the start-up 

costs of the PEM electrolyzer, including the cost of switching on the electrolyzer [21]. 

3.2 – Power balance 

In (27), the power balance of the plant is expressed, including the power exchanged with the 

main grid (both imports and exports), PV generation, and electrolyzer consumption. The last term 



in (27) accounts for the standby consumption of the electrolyzer which typically ranges from 1–

5% of the rated power [21].   

𝑃𝑡
𝑖𝑚 + 𝑃𝑡

𝑃𝑉 − 𝑃𝑡
𝑒𝑥 − (𝑃𝑡

𝑍 + 𝑢𝑡
𝑠𝑏𝑃𝑠𝑏)⏟          

𝐸𝑙𝑒𝑐𝑡𝑟𝑜𝑙𝑦𝑧𝑒𝑟
𝑐𝑜𝑛𝑠𝑢𝑚𝑝𝑡𝑖𝑜𝑛

= 0;∀𝑡 ∈ 𝒯 (27) 

It is worth noting that PV generation is highly dependent on weather conditions, which 

introduce inherent uncertainty into the model [43]. A detailed analysis of operational uncertainties 

lies beyond the scope of this work. Therefore, PV output is treated as a deterministic parameter, 

under the assumption that it can be forecasted with sufficient accuracy for the purposes of this 

study [44]. 

The total system consumption (𝑃𝑍) includes the power consumed for hydrogen production, 

as well as the power supplied for heating and compression. This power can be calculated as a 

function of the current density and system efficiency, as follows: 

𝑃𝑡
𝑍 = 1.042 ⋅ 10−6

𝑗𝑡𝑆LHV
H2

𝑧𝐹

1

𝜂𝑡
; ∀𝑡 ∈ 𝒯 (28) 

Note that (28) is given in MW to be consistent with the rest of the formulation and the system 

efficiency depends on the time, allowing it to vary for different load levels, temperatures, and 

pressures. Imports and exports are limited in (29) and (30), respectively. Moreover, an auxiliary 

binary variable is introduced to avoid unrealizable simultaneous imports and exports. 

𝑃𝑡
𝑖𝑚 ≤ 𝑢𝑡

𝐺𝑟𝑖𝑑𝑃
𝐺𝑟𝑖𝑑

; ∀𝑡 ∈ 𝒯 (29) 

𝑃𝑡
𝑒𝑥 ≤ (1 − 𝑢𝑡

𝐺𝑟𝑖𝑑)𝑃
𝐺𝑟𝑖𝑑

; ∀𝑡 ∈ 𝒯 (30) 

3.3 – Hydrogen generation and supply 

When the electrolyzer is on, it consumes power to produce hydrogen. The instantaneous 

hydrogen mass flow can be calculated as a function of the current density and Faraday efficiency, 

as in (31). 

𝑚̇𝑡
𝑃𝐸𝑀 = 7.2

𝑗𝑡𝑆

𝑧𝐹
𝜂𝑡
𝐹; ∀𝑡 ∈ 𝒯 (31) 

Note that (31) is given in kg/h for consistency with the rest of the formulation. The hydrogen 

produced can either be supplied directly to the demand (𝑚̇𝑠) or stored in vessels (𝑚̇𝑖𝑛), as 

indicated in (32). On the other hand, the hydrogen demand can be met either directly from the 

electrolyzer or from the storage system (𝑚̇𝑜𝑢𝑡), as expressed in (33). Finally, the total hydrogen 

produced over the considered time horizon must be sufficient to completely satisfy local demand, 

as enforced by (34). 

𝑚̇𝑡
𝑃𝐸𝑀 = 𝑚̇𝑡

𝑠 + 𝑚̇𝑡
𝑖𝑛; ∀𝑡 ∈ 𝒯 (32) 

𝑚̇𝑡
𝐷 = 𝑚̇𝑡

𝑠 + 𝑚̇𝑡
𝑜𝑢𝑡; ∀𝑡 ∈ 𝒯 (33) 

𝑚̇𝑡
𝐷 ≥ 𝐷𝑡 (34) 

3.4 – Hydrogen storage 

The plant under consideration includes a hydrogen storage system equipped with vessels, 

where hydrogen can be stored at high pressure (200 bar). The instantaneous amount of hydrogen 

stored can be calculated as follows: 

𝐻𝑡 = 𝐻𝑡−1 + 𝑚̇𝑡
𝑖𝑛 − 𝑚̇𝑡

𝑜𝑢𝑡; ∀𝑡 ∈ 𝒯\{1} (35) 

Since (35) is not defined at the beginning of the time horizon (𝑡 = 1), the initial hydrogen 

stored needs to be defined in (36), in alignment with [21]. To preserve consistency in the model, 

the amount of hydrogen stored at the end of the time window (𝑡 = 𝑒𝑛𝑑) is enforced to be the same 

as the initial amount in (37). 



𝐻(𝑡=1) = 𝐻 + 𝑚̇(𝑡=1)
𝑖𝑛 − 𝑚̇(𝑡=1)

𝑜𝑢𝑡  (36) 

𝐻(𝑡=𝑒𝑛𝑑) = 𝐻(𝑡=1) (37) 

Storage inflows and outflows are constrained by physical limits in (38) and (39), respectively. 

Similar to (29) and (30), auxiliary binary variables are included to avoid simultaneous charging 

and discharging of the storage system. Finally, the amount of hydrogen stored is limited by the 

actual capacity of vessels in (40), where a lower bound is also included, as suggested in some 

references [45].  

𝑚̇𝑡
𝑖𝑛 ≤ 𝑢𝑡

𝑠𝑚
𝑖𝑛
; ∀𝑡 ∈ 𝒯 (38) 

𝑚̇𝑡
𝑜𝑢𝑡 ≤ (1 − 𝑢𝑡

𝑠)𝑚
𝑜𝑢𝑡
; ∀𝑡 ∈ 𝒯 (39) 

𝐻 ≤ 𝐻𝑡 ≤ 𝐻;∀𝑡 ∈ 𝒯 (40) 

3.5 – Operational states 

According to the three-state operational model adopted, the electrolyzer can be in on, off, or 

standby states, but only one state can be active at any given time, as enforced by (41). 

𝑢𝑡
𝑜𝑛 + 𝑢𝑡

𝑜𝑓𝑓
+ 𝑢𝑡

𝑠𝑏 = 1; ∀𝑡 ∈ 𝒯 (41) 

Hydrogen is produced only when the electrolyzer is in the on state. In this state, power 

consumption falls within valid operational ranges, which is expressed in (42) by limiting the 

operational range of the current density. As seen, the binary variable 𝑢𝑜𝑛 allows enforcing valid 

bounds for the current density. According to (42), current density can only be zero when the 

electrolyzer is in the off or standby states. 

𝑢𝑡
𝑜𝑛𝑗𝑡 ≤ 𝑗𝑡 ≤ 𝑢𝑡

𝑜𝑛𝑗
𝑡
; ∀𝑡 ∈ 𝒯 (42) 

An additional binary variable 𝑢𝑠𝑢 is introduced to indicate the transition from off to on states. 

This binary variable allows accounting for start-up costs in (26) and must only activate when the 

electrolyzer switches back on from the off state. This logical coherence is ensured by (43), which 

prevents the activation of 𝑢𝑠𝑢 when transitioning from standby to on. For consistency, it is 

assumed that the electrolyzer is not in the start-up state at the beginning of the time horizon, as 

enforced by (44). Furthermore, constraint (45) prevents the transition from off to standby states 

without first activating the start-up mode. 

𝑢𝑡
𝑠𝑢 ≥ 𝑢𝑡

𝑜𝑛 − 𝑢𝑡−1
𝑜𝑛 − 𝑢𝑡−1

𝑠𝑏 ; ∀𝑡 ∈ 𝒯\{1} (43) 

𝑢(𝑡=1)
𝑠𝑢 = 0 (44) 

𝑢𝑡−1
𝑜𝑓𝑓

+ 𝑢𝑡
𝑠𝑏 ≤ 1; ∀𝑡 ∈ 𝒯\{1} (45) 

3.6 – Optimal scheduling model 

The optimal scheduling model for controlling power, pressure, and temperature in the plant 

under study reads as: 

min
Ξ,𝑝𝑡

𝑐,𝑇𝑡
𝐶𝑜𝑠𝑡 (46a) 

Subject to: 

(27)-(45) (46b) 

𝜂𝑡 , 𝜂𝑡
𝐹 = Ψ(𝑗𝑡 , 𝑝𝑡

𝑐 , 𝑇𝑡); ∀𝑡 ∈ 𝒯 (46c) 

𝑢𝑡
𝐺𝑟𝑖𝑑 , 𝑢𝑡

𝑠, 𝑢𝑡
𝑜𝑛, 𝑢𝑡

𝑜𝑓𝑓
, 𝑢𝑡
𝑠𝑏 , 𝑢𝑡

𝑠𝑢 ∈ {0,1}; ∀𝑡 ∈ 𝒯 (46d) 

where Ξ = [𝑃𝑡
𝑖𝑚, 𝑃𝑡

𝑒𝑥 , 𝑃𝑡
𝑍 , 𝑗𝑡 , 𝑚̇𝑡 , 𝑚̇𝑡

𝑠, 𝑚̇𝑡
𝑖𝑛, 𝑚̇𝑡

𝑜𝑢𝑡 , 𝑚̇𝑡
𝐷, ℎ𝑡 , 𝑢𝑡

𝐺𝑟𝑖𝑑 , 𝑢𝑡
𝑠, 𝑢𝑡

𝑜𝑛, 𝑢𝑡
𝑜𝑓𝑓
, 𝑢𝑡
𝑠𝑏 , 𝑢𝑡

𝑠𝑢]. 

The model (46) minimizes the cost function in (46a), subject to the scheduling model 

described through Sections 3.2–3.5 in (46b). On the other hand, (46c) encapsulates the nonlinear 



correlation of current density, working pressure, and stack temperature with the system and 

Faraday efficiencies, following the electrochemical model described in Section 2. Finally, binary 

variables are properly defined in (46d). 

In present form, (46) is a Mixed-Integer Nonlinear Programming (MINLP) problem. 

Different approaches have been proposed in the literature for handling MINLP models, including 

outer approximation [46], heuristics [47], or decomposition techniques [48], among others. 

However, these methods often lack the reliability and efficiency of mature MILP solvers such as 

branch-and-bound algorithms [49]. Actually, the reachability of the global optimum in MINLP 

within a finite time is only guaranteed for convexifiable problems, which is not always possible 

[35]. This way, MILP models are typically preferred due to their portability (models can be easily 

implemented in different software and languages), reliability (global optimum reachability is 

guaranteed within a finite time) and efficiency. In the following section, a methodology to 

reformulate (46) as a MILP is proposed. 

4 – The proposed linearization strategy 

4.1 – Mapping the system efficiency 

In (46), the system efficiency is computed as a nonlinear correlation depending on the current 

density, cathode pressure and stack temperature. According to the electrochemical model 

described in Section 2, there is a unique efficiency value for each tuple {𝑗, 𝑝𝑐 , 𝑇}. Let us assume 

that 𝑘 ∈ 𝐾 different points are selected within valid ranges for each parameter in the tuple. 

Consequently, there is a unique value for both the system and Faraday efficiencies for each tuple, 

which can be calculated from the electrochemical model, as follows: 

𝜂𝑘,𝑘1,𝑘2 , 𝜂𝑘,𝑘1,𝑘2
𝐹 = Ψ(𝑗𝑘 , 𝑝𝑘1

𝑐 , 𝑇𝑘2); ∀𝑘, 𝑘1, 𝑘2 ∈ {1,2, … , 𝐾} (47) 

 For simplicity in notation, it is assumed that all the parameters are evaluated at 𝐾 different 

points, but this aspect can be adjusted for convenience. Expression (47) represents a mapping of 

system and Faraday efficiencies for the valid ranges of current densities, pressures and 

temperatures. Note that valid ranges for input parameters in (47) are typically available for each 

electrolyzer model, with typical values ranging from 1 to 30 bar and 20 to 80 °C [26]. Therefore, 

the map (47) can be easily computed offline and remains constant across all scheduling 

conditions. 

For each current density, there is a unique value of maximum system efficiency, which can 

be easily derived from the map (47), as given by (48). 

𝜂
𝑘
= max
𝑘1,𝑘2

Ψ(𝑗𝑘 , 𝑝𝑘1
𝑐 , 𝑇𝑘2) ; ∀𝑘 ∈ {1,2, … , 𝐾} (48) 

Hence, after running (47) and (48), a unique value of maximum efficiency is obtained for 

each current density. It allows formulating the system efficiency as a function of the current 

density, solely. However, optimal pressure and temperature for any current density can be inferred 

from the map (47), as follows: 

𝑝𝑘
𝑐 , 𝑇𝑘 = Ψ

−1(𝜂
𝑘
); ∀𝑘 ∈ {1,2, … , 𝐾} (49) 

Note that (49) has a unique solution for each value of maximum efficiency, except for 𝑗 = 0, 

where the system efficiency is zero for any working pressure and stack temperature. In such cases, 

if the electrolyzer is in standby, temperature and pressure remain at those values determined by 

operating conditions. By contrast, if the electrolyzer is shut down, both temperature and pressure 

drop to their minimum values. Nevertheless, temperature and pressure are computed a posteriori, 

after running the scheduling tool, and therefore, their values do not alter the solution of the 

mathematical model described in Section 3. 

4.2 – Formulating the efficiency map as a MILP 



After executing the map (48), 𝐾 pairs of current densities and maximum efficiencies are 

obtained, allowing for a direct correspondence between 𝑗𝑘 and 𝜂
𝑘
; ∀𝑘. Nonetheless, not all the 

possible current densities can be mapped, and therefore a direct correspondence of any arbitrary 

current density and efficiencies may not be available. To address this issue, the range of current 

densities is divided into 𝐾 − 1 sectors, with the kth sector delimited by [𝑗𝑘 , 𝑗𝑘+1]. As a result, any 

current density value will fall within a specific sector, which is activated accordingly, then, a 

unique value of maximum system efficiency is assigned based on the activated sector. This 

approach ensures that every possible current density corresponds to a value of efficiency. The 

assigned maximum efficiency could either be the upper or lower bound of the activated sector, 

depending on the adopted scheduling strategy. However, assigning the lower bound is typically 

more conservative. To minimize potential errors, a sufficiently large value of 𝐾 should be 

selected. For clarity, this sectorization strategy is illustrated in Fig. 2. 

 
Fig. 2 – Illustration of the proposed sectorization strategy. The value of the instantaneous current density 

lies within one sector, which is activated (blue squares), assigning automatically a value of maximum 

system efficiency. 

 To integrate the proposed sectorization strategy into the scheduling tool (46), it must be 

formulated as a MILP. First, the auxiliary binary variable 𝑤𝑘,𝑡 is introduced, which is equal to 1 

if the kth sector is activated at time 𝑡, and 0 otherwise. Thus, (50) enforces that 𝑗𝑡 falls within the 

limits of the sector activated. On the other hand, (51) enforces that only one sector is activated at 

time 𝑡. 

𝑤𝑘,𝑡𝑗𝑘 ≤ 𝑗𝑡 ≤ 𝑤𝑘,𝑡𝑗𝑘+1; ∀𝑘 ∈ {1,2, … , 𝐾 − 1} ∧ 𝑡 ∈ 𝒯 (50) 

∑ 𝑤𝑘,𝑡𝑘 ≤ 1; ∀𝑡 ∈ 𝒯 (51) 

Since the system efficiency appears in a denominator in (28), it is useful to work with the 

inverse of the efficiency rather than the efficiency itself. Once a sector is activated, the inverse of 

the system efficiency can be derived from the mapping (48) using the dummy variable 𝜑𝑡, whose 

value is given in (52). Similarly, the Faraday efficiency can be calculated using (53). 

𝜑𝑡 = ∑ 𝑤𝑘,𝑡
1

𝜂𝑘
𝑘  (52) 

𝜂𝑡
𝐹 = ∑ 𝑤𝑘,𝑡𝜂𝑘

𝐹
𝑘  (53) 

The inclusion of the dummy variable in (52) reformulates (28), as follows: 

𝑃𝑡
𝑍 = 1.042 ⋅ 10−6

𝑗𝑡𝑆LHV
H2

𝑧𝐹
𝜑𝑡; ∀𝑡 ∈ 𝒯 (54) 

Albeit (50)–(53) allow calculating the system and Faraday efficiencies using a MILP 

formulation, nonlinearities persist in (31) and (54) due the product of efficiencies and current 

densities. 

4.3 – McCormick envelopes 

Bilinear terms in (31) and (54) arise due to the product of the current density by the Faraday 

and system efficiency, respectively. These three variables have well-defined physical bounds, and 



as such, they can be represented as box-constrained variables. The product of two continuous 

variables with known bounds can be effectively linearized using McCormick envelopes [50]. This 

technique approximates the original bilinear term through the use of convex and concave planes, 

which restrict the feasible solution space. The application of the McCormick envelopes to the two 

bilinear terms in (54) and (31) reads as: 

{
  
 

  
 
𝜓𝑡 ≥ 𝜑 ⋅ 𝑗𝑡 + 𝜑𝑡 ⋅ 𝑗 − 𝜑 ⋅ 𝑗; ∀𝑡 ∈ 𝒯

𝜓𝑡 ≥ 𝜑 ⋅ 𝑗𝑡 + 𝜑𝑡 ⋅ 𝑗 − 𝜑 ⋅ 𝑗; ∀𝑡 ∈ 𝒯

𝜓𝑡 ≤ 𝜑 ⋅ 𝑗𝑡 + 𝜑𝑡 ⋅ 𝑗 − 𝜑 ⋅ 𝑗; ∀𝑡 ∈ 𝒯

𝜓𝑡 ≤ 𝜑 ⋅ 𝑗𝑡 + 𝜑𝑡 ⋅ 𝑗 − 𝜑 ⋅ 𝑗; ∀𝑡 ∈ 𝒯

0 ≤ 𝜓𝑡 ≤ 𝜑 ⋅ 𝑗; ∀𝑡 ∈ 𝒯                     

 (55) 

{
  
 

  
 
𝜔𝑡 ≥ 𝜂

𝐹 ⋅ 𝑗𝑡 + 𝜂𝑡
𝐹 ⋅ 𝑗 − 𝜂𝐹 ⋅ 𝑗; ∀𝑡 ∈ 𝒯

𝜔𝑡 ≥ 𝜂
𝐹
⋅ 𝑗𝑡 + 𝜑𝑡 ⋅ 𝑗 − 𝜂

𝐹
⋅ 𝑗; ∀𝑡 ∈ 𝒯

𝜔𝑡 ≤ 𝜑 ⋅ 𝑗𝑡 + 𝜑𝑡 ⋅ 𝑗 − 𝜂
𝐹 ⋅ 𝑗; ∀𝑡 ∈ 𝒯  

𝜔𝑡 ≤ 𝜂
𝐹
⋅ 𝑗𝑡 + 𝜑𝑡 ⋅ 𝑗 − 𝜂

𝐹
⋅ 𝑗; ∀𝑡 ∈ 𝒯

0 ≤ 𝜔𝑡 ≤ 𝜂
𝐹
⋅ 𝑗; ∀𝑡 ∈ 𝒯                       

 (56) 

Note that some terms in (55) and (56) can be omitted, as some bounds are equal to zero (e.g., 

𝜂𝐹). However, the generic formulation presented above allows adapting the developed 

methodology to any other case easily. Moreover, (55) and (56) are linear constraints and do not 

contribute to increase computational complexity of the model. In (55) and (56), the variables 𝜓 

and 𝜔 replace the original bilinear terms, 𝑗𝜑 and 𝑗𝜂𝐹, respectively. Thus, original constraints (54) 

and (31) are replaced by (57) and (58), respectively. 

𝑃𝑡
𝑍 = 1.042 ⋅ 10−6

𝑆LHVH2

𝑧𝐹
𝜓𝑡; ∀𝑡 ∈ 𝒯 (57) 

𝑚̇𝑡
𝑃𝐸𝑀 = 7.2

𝑆

𝑧𝐹
𝜔𝑡; ∀𝑡 ∈ 𝒯 (58) 

4.4 – MILP problem 

After applying the mapping and McCormick linearization in sections 4.2 and 4.3, 

respectively, the original scheduling problem (46) is reformulated as the following MILP. 

min
Ξ,𝜑𝑡,𝜂𝑡

𝐹

𝑤𝑘,𝑡,𝜓𝑡,𝜔𝑡

𝐶𝑜𝑠𝑡 (59a) 

Subject to: 

(27), (29), (30), (32)–(45) – Original constraints (59b) 

(50)–(53) – Linearized efficiency map (59c) 

(57), (58) – Linearization of (28) and (31)  (59d) 

(55), (56) – McCormick envelopes (59e) 

𝑢𝑡
𝐺𝑟𝑖𝑑 , 𝑢𝑡

𝑠, 𝑢𝑡
𝑜𝑛, 𝑢𝑡

𝑜𝑓𝑓
, 𝑢𝑡
𝑠𝑏 , 𝑢𝑡

𝑠𝑢, 𝑤𝑘,𝑡 ∈ {0,1}; ∀𝑘 ∈ {1,2, … , 𝐾 − 1} ∧ 𝑡 ∈ 𝒯 (59f) 

In (59), the objective is minimizing the operation cost, as in the original model. However, the 

decision-space expands to include the new variables 𝜑, 𝑤, 𝜓 and 𝜔. On the other hand, (59b) 

encloses the original scheduling problem in Section 3, but excluding the nonlinear constraints 

(28) and (31), which are replaced by their linear counterparts (59d). (59c) represents the linearized 

efficiency map, as described in Section 4.2, whereas (59e) includes the McCormick envelopes. 

Lastly, (59f) properly declares binary variables. 

4.5 – Tightening strategy 



The McCormick envelopes offer a reliable approximation of bilinear terms when the range of 

the variables involved is not excessively wide. Otherwise, the concave and convex estimators 

may deviate significantly from the original function, thus providing inaccurate solutions. To 

address this issue, tightening strategies can be employed [51], which gradually refine the original 

bounds to more accurately approximate the original bilinear function. This methodology is 

broadly described in Fig. 3 using the bilinear term 𝑗𝜑 (further approximated by the auxiliary 

variable 𝜓) as an example, whose real value is denoted by the continuous black line in the figure. 

Initially, bounds, [𝑗(0), 𝑗
(0)
] and [𝜑(0), 𝜑

(0)
] define McCormick estimators, depicted as 

continuous red lines in Fig. 3. The initial estimate of the auxiliary variable (i.e., 𝜓(0)) is given by 

the intersection point of either the upper or lower McCormick initial estimators.  

In the next iteration, initial bounds are contracted using a preestablished contraction 

parameter, namely 𝜁 > 0, resulting in the updated bounds [𝑗(1), 𝑗
(1)
] and [𝜑(1), 𝜑

(1)
]. As shown 

in the figure, the resulting McCormick envelopes (depicted as continuous green lines) enclose a 

reduced feasible region (green-shaded area), which more closely approximates the true bilinear 

relationship. This iterative process continues until the absolute difference between the bilinear 

term and its auxiliary approximation falls below a predefined tolerance 𝑡𝑜𝑙 ∈ ℝ+\{0}. 

 
Fig. 3 – Illustration of the proposed McCormick tightening strategy. 

The five-step methodology below describes the application of a tightening strategy to the 

problem under consideration. 

• Step 0: set the iteration counter 𝑖 = 0 and 𝜁, 𝜁, 𝑡𝑜𝑙, 𝜅 ∈ ℝ+\{0}. Set the original bounds 

for 𝑗, 𝜂 and 𝜂𝐹 according to physical limits. Set the bounds for 𝜑 and 𝜔 accordingly. 

• Step 1: solve the problem (59) to obtain 𝑗𝑡
(𝑖)

, 𝜂𝑡
(𝑖)

, 𝜂𝑡
𝐹,(𝑖)

, 𝜑𝑡
(𝑖)

 and 𝜔𝑡
(𝑖)

. 

• Step 2: calculate the error, as follows: 

𝜀 = max

(

 
‖𝑗𝑡
(𝑖) 1

𝜂𝑡
(𝑖)
−𝜑𝑡

(𝑖)
‖

∞

max
𝑡
𝜑𝑡
(𝑖) ,

‖𝑗𝑡
(𝑖)
𝜂𝑡
𝐹,(𝑖)

−𝜔𝑡
(𝑖)
‖
∞

max
𝑡
𝜔𝑡
(𝑖)

)

  (60) 

• Step 3: if 𝜀 ≤ 𝑡𝑜𝑙, then stop. Else, update variable bounds, as follows: 



{
 
 
 
 
 
 

 
 
 
 
 
 𝑗𝑡

(𝑖+1)
= max ((1 − 𝜁)𝑗𝑡

(𝑖)
, 𝑗𝑡
(0)
) ; ∀𝑡 ∈ 𝒯    

𝑗
𝑡

(𝑖+1)
= min ((1 + 𝜁)𝑗

𝑡

(𝑖)
, 𝑗
𝑡

(0)
) ; ∀𝑡 ∈ 𝒯    

𝜑𝑡
(𝑖+1)

= max ((1 − 𝜁)𝜑𝑡
(𝑖)
, 𝜑𝑡

(0)
) ; ∀𝑡 ∈ 𝒯

𝜑
𝑡

(𝑖+1)
= min ((1 + 𝜁)𝜑

𝑡

(𝑖)
, 𝜑
𝑡

(0)
) ; ∀𝑡 ∈ 𝒯

𝜔𝑡
(𝑖+1)

= max ((1 − 𝜁)𝜔𝑡
(𝑖)
, 𝜔𝑡

(0)
) ; ∀𝑡 ∈ 𝒯

𝜔𝑡
(𝑖+1)

= min ((1 + 𝜁)𝜔𝑡
(𝑖)
, 𝜔𝑡

(0)
) ; ∀𝑡 ∈ 𝒯

 (61) 

Go to Step 4. 

• Step 4: update the iteration counter 𝑖 = 𝑖 + 1, and the contraction parameter, as follows: 

𝜁 = max (𝜁 − 𝜅, 𝜁) (62) 

Go to step 1. 

Formally, the convergence of the proposed algorithm is not guaranteed within a finite number 

of iterations. Consequently, it is necessary to impose an upper limit on the number of iterations, 

with the procedure deemed unsuccessful if convergence is not achieved within the specified 

threshold. Nevertheless, empirical results demonstrate that the proposed tightening strategy 

performs efficiently in practice, consistently converging within a small number of iterations 

across all tested scenarios. 

4.6 – The developed methodology 

The developed methodology for optimizing pressure and temperature in PEM electrolyzer 

scheduling tools using a MILP formulation is described in the flowchart of Fig. 4. 

 
Fig. 4 – Flowchart of the developed optimization methodology. 

5 – Numerical results and discussion 

This section presents different case studies along with their corresponding results. To this 

end, the developed methodology was coded under Matlab R2021b and solved using Gurobi [52]. 

This solver is capable of dealing with MILP problems efficiently and offers free licenses for 

academic purposes. Most of the results are presented for a week-ahead time horizon with hourly 

resolution (168 time steps), in line with [26], but further capabilities are illustrated for year time 

horizons (8760 time steps). All the simulations were run on an Intel Core i7-10700K CPU 

3.80GHz 3.79 GHz with 32 GB RAM. 



5.1 – Input data 

Table 1 collects all the parameters employed in the electrochemical model, which are mainly 

based on [26] and the IDAES platform [36], while the data regarding the plant described in Fig. 

1 are shown in Table 2, which are mainly based on [26]. Some data that were not used in that 

reference (e.g., the start-up cost), were taken from [21] and scaled to the plant under consideration. 

Table 1 – Parameters of the electrochemical model. 

Parameter Value Source Parameter Value Source 

𝑅 8.314 J/mol∙K [26] 𝛿𝑚  1.15 [26] 

𝛼  0.51 [26] 𝑎H2O  1 [26] 

𝑧  2 [25] 𝑆  398,750 cm² [26] 

𝐹  96,585 C/mol [26] Υ  2 Pa∙cm²/A [26] 

𝑗0
𝑟𝑒𝑓

  8∙10–6 A/cm² [26] 𝑁  5 [26] 

𝐸𝐴  40,000 J/mol [26] 𝛾  1.4 [31] 

𝑇𝑟𝑒𝑓  353.15 K [26] 𝜂𝐶  0.9 [26] 

𝑅0  27∙10–3 Ω∙cm² [26] 𝑇𝑛
𝑐𝑜𝑜𝑙𝑒𝑟  313.15 K [36] 

𝑑𝑚  51 μm [26] LHVH2O  241,800 J/mol [36] 

Table 2 – Parameters of the plant. 

Parameter Value Source 

𝑝
𝐺

  1.5 MW Self-tuned 

𝑗  0.2, 2 A/cm² [26] 

𝑗  0.2 A/cm² [21] 

𝑃𝑠𝑏  0.015 MW [21] 

PV size 2.5 MW [26] 

𝐻 / 𝐻 55 / 500 kg [26] 

𝑚
𝑖𝑛

/ 𝑚
𝑜𝑢𝑡

 150 / 150 kg/h [26] 

𝐷𝑡  15 kg (constant) [26] 

𝑐𝑠𝑢  193 € [21] 

PV generation depends on weather parameters such as solar irradiance and temperature. By 

utilizing an appropriate PV panel model (e.g., [53]), such parameters can be converted into 

relative power output. In line with [26], weather data from Hamburg, Germany, in 2023 were 

considered [54]. Electricity purchase prices were based on market electricity prices in Germany 

for the year 2023 [55], whereas sale rates were derived from applying additional taxes and charges 

[26]. For week-ahead simulations, 7 typical days were selected, which are plotted in Fig. 7 for the 

sake of self-sufficiency. For the McCormick tightening strategy, the parameters were tuned as 

follows: 𝜁 = 0.2, 𝜅 = 0.01, 𝜁 = 0.01 and 𝑡𝑜𝑙 = 10−3. 

5.2 – Validation 

The left plot of Fig. 5 presents the system and Faraday efficiencies for two operational 

strategies. The Reference case assumes a constant stack temperature of 80 °C and a cathode 

pressure of 30 bar, whereas the pTopt case optimally adjusts the temperature and pressure to 

maximize the system efficiency. As observed, both the system and Faraday efficiencies are 

significantly higher in the pTopt case at low current densities. In the Reference case, the maximum 

system efficiency is achieved at 1.5 A/cm², reaching ~74%, while efficiencies of up to ~82% are 

attained under the pTopt strategy. In both scenarios, the system efficiency decreases at current 

densities greater than 1.5 A/cm², stabilizing at similar values at the nominal current density (72 

and 72.5% in the reference and pTopt cases, respectively). Regarding the Faraday efficiency, it 

increases with the current density in the Reference case, while the pTopt strategy maintains it near 

99% for all the valid range of current densities. 



 
Fig. 5 – System and Faraday efficiencies (left) and stack temperature and cathode pressure (right), under 

reference and pTopt operational strategies. Dotted lines show results from [26] implementing the pTopt 

strategy. 

In the right plot of Fig. 5, the stack temperature and cathode pressure are represented for 

different current densities. While these two parameters remain at their reference values across the 

entire range of current densities in the Reference case, the pTopt strategy adjusts them 

dynamically to maximize system efficiency. Remarkably, the cathode pressure is set significantly 

lower in the pTopt case, reaching a maximum value of 6.4 bar at 2 A/cm². This supports the 

findings in [26, 34], as operating at lower pressures reduces the backward diffusion effect, thereby 

compensating for the increased work required by the compressor, as discussed further later on. 

Similarly, lower temperatures are selected at low current densities, where the gas crossover 

mechanism predominates. Beyond approximately 0.8 A/cm², the maximum stack temperature is 

selected to maintain the cell voltage above the thermobalanced value, thus reducing the need for 

external heating. It is noteworthy that the results in Fig. 5 align closely with those in [26] (plotted 

as dotted lines), thus validating our model and maximum efficiency mapping strategy. 

On the other hand, Fig. 6 compares the values of 𝜑 and 𝜔, with their corresponding exact 

values, in order to validate the proposed McCormick tightening strategy. As seen, in both cases 

the approximated value matches almost perfectly with the exact ones, thus validating the proposed 

linearization strategy. 

 
Fig. 6 – Comparison of the real values of 𝑗/𝜂 and 𝑗𝜂𝐹 with their linear variables 𝜑 and 𝜔, respectively. 

5.3 – Scheduling results 

Fig. 7 shows the scheduling result for both the Reference and pTopt strategies. As expected, 

the electrolyzer is primarily scheduled during periods of high PV production or low purchase 

prices. For instance, the electrolyzer operates at its maximum power at periods 30–44 h and 95–

105 h, coinciding with periods of high PV production and low prices, respectively. In the first 

case, high PV generation reduces the need to import energy from the grid, whereas in the second 

case, energy is directly imported from the grid at low prices. In the Reference case, the 

electrolyzer is required to consume more power during less favorable hours, such as between 

         

  

  

  

   

  
  
  
  
  
 
 

         

     

      

       

         
 

  

  

  

 
  
  
 
  
  
 
  
 

  

  

  

  

  
 
 
  
  
 
  
  
  
 

                

           

                       



hours 130 and 142, when energy prices are high, while other favorable periods cannot be further 

leveraged (e.g., hours 48–65). It is noteworthy that the plant is capable of exporting energy during 

periods of high PV potential. 

 
Fig. 7 – Scheduling results (top), electrolyzer power (middle) and hydrogen generated (bottom). Negative 

power indicates exports. 

Fig. 8 compares the hourly system and Faraday efficiencies. In the Reference case, both 

system and Faraday efficiencies notably decrease when the electrolyzer works at low current 

densities. By contrast, optimal control of pressure and temperature allows the system to maintain 

high efficiency, even at very low current densities. When the electrolyzer is operated at nominal 

power, the efficiency in both cases is similar, although the efficiency remains higher in the pTopt 

case. A similar trend is observed for the Faraday efficiency. In this case, controlling pressure and 

temperature contributes to minimizing the gas crossover effect at low current densities, when this 

phenomenon is more pronounced. This explains why the Faraday efficiency remains near 99% in 

the pTopt case, but decreases sharply at low current densities in the Reference case. 

 
Fig. 8 – Comparison of the system (top) and Faraday (bottom) efficiencies for both the Reference and 

pTopt operational strategies. 

Table 3 summarizes key economic and energy results. Compared to the pTopt case, the 

Reference case leads to a 7.3% higher import and a 2.9% higher export of energy, resulting in a 

7.7% increase in net load. From an economic point of view, the plant incurs a 12.1% higher cost 

  

  

  

  

  

  

  

  

  
  
  

  
  
  
  
  
 
 

                  

    

  
  
  
  
  
  
  
  
   

  
  
 
  

  
  
  
  
  
 
 

         

     



in the Reference case but receives 3.8% more for energy exports. In the end, the total operating 

cost is 12.5% higher in the Reference case, mostly because the plant needs to import more energy 

to meet local demand, as it often operates at low efficiency. These results are especially relevant 

for assessing the economic viability of installing a temperature-pressure control system that 

enables the implementation of the pTopt strategy. 

Table 3 – Comparison of the key economic and energy results. 

Result Reference pTopt 

Imported energy (MWh) 67.5 62.6 

Exported energy (MWh) 6.8 6.6 

Net load (MWh) 60.7 56 

Importing cost (€) 10,902 9578.7 

Exporting income (€) 503.1 484.2 

Total cost (€) 10,398.9 9094.5 

5.4 – Pressure and temperature 

The stack temperature and working cathode pressure are analyzed in Fig. 9, together with the 

current density. When the electrolyzer operates at relatively high current densities (> 1.5 A/cm²), 

both the temperature and pressure increase in order to elevate the cell voltage while reducing 

compression work. Nonetheless, it is worth noting that pressure remains significantly lower in the 

pTopt case, with a maximum of 6.4 bar, to reduce compression consumption at high current 

densities. Conversely, the gas crossover effect becomes more dominant at low current densities 

and the pTopt strategy responds by decreasing the temperature and pressure, with minimum 

values of 55 °C and 2.2 bar. In the pTopt case, the maximum temperature accounts for 52% of 

the time horizon, with an average temperature of 70.4 °C, while the maximum pressure (30 bar) 

is never reached and the PEM operates at 4 bar on average.  These results align perfectly with the 

conclusions drawn from Fig. 5, further confirming that the developed methodology effectively 

adjusts temperature and pressure to achieve high system efficiency. 

 
Fig. 9 – Comparison of the temperature and pressure (top), and current density (bottom) for both the 

Reference and pTopt operational strategies. 

5.5 – Gas crossover 

Gas crossover is an important mechanism in PEM electrolyzers, by which hydrogen and 

oxygen permeate through the membrane. A key measure of the gas crossover phenomenon is the 

anodic hydrogen content (AHC), which is calculated as follows: 

AHC =
𝑛̇𝑑
𝐻2,𝑣

𝑛̇𝑂2,𝑣+𝑛̇𝑑
𝐻2,𝑣

⋅ 100 (63) 

  

  

  

  
  
 

  
 
  
  
  
  
  
  
 

 

  

  

  

  

 
  
 
 
 
 

 
  
  
 
  
  
 
  
 

           

        

                  

    

 

   

 

   

 

 
 
  
  
 

 
  
  
  
  
 
  
 
  

         

     



In addition to reducing the amount of usable hydrogen, the gas crossover effect may pose an 

explosion risk if the AHC exceeds a threshold of 4% [56]. Fig. 10 compares the AHC for both the 

Reference and pTopt strategies. As illustrated, the Reference case consistently shows a 

significantly higher AHC, often reaching very high values near 27%. In the Reference case, the 

AHC is inversely proportional to the current density. Indeed, at low current densities, the amount 

of oxygen produced is relatively low compared to the hydrogen that permeates through the 

membrane. In contrast, the pTopt strategy enables optimal adjustment of pressure and 

temperature, effectively reducing the gas crossover effect even at low current densities. Notably, 

when the pTopt strategy is implemented, the AHC remains below 4%. 

 
Fig. 10 – Comparison of the AHC for both the Reference and pTopt operational strategies. 

5.6 – Sensitivity analysis 

5.6.1 – System-level parameters 

Additional results are presented in this section to evaluate the influence of various input 

parameters on the overall system performance. Fig. 11 illustrates a comparison of system 

efficiency as a function of membrane thickness and current density. In the Reference scenario, 

thin membranes exacerbate gas crossover effect at low current densities, resulting in a very low 

efficiency. This negative effect is better controlled when implementing a pTopt strategy by 

optimally adjusting the working pressure. By contrast, when working at high current densities, 

membrane thickness has a negative effect on efficiency, due to an increment on the ohmic 

overvoltage.  

 
Fig. 11 – Comparison of system efficiency for different membrane thicknesses and current densities 

Fig. 12 presents results analogous to those shown in Fig. 11. However, in this case, system 

efficiency is analyzed as a function of varying compressor efficiencies. The impact of compressor 

efficiency on overall system performance is found to be marginal, primarily because the energy 

consumption associated with compression is relatively low compared to other energy balances. 

Nevertheless, its influence is more pronounced in the Reference case, where the absence of 

optimized cathode pressure control leads to a greater sensitivity to low compressor efficiencies. 

                     

    

 

  

  

  

 
 
 
  
 
 

         

     



 
Fig. 12 – Comparison of system efficiency for different compressor efficiencies and current densities 

5.6.2 – Plant-level parameters 

Fig. 13 illustrates the impact of varying PV array sizes on system performance. As expected, 

increasing PV capacity reduces total operational costs by enhancing self-sufficiency and enabling 

greater energy exports. Notably, when using a 5 MW PV array, total costs decrease by up to 38% 

with the implementation of the pTopt strategy. These results highlight that the economic benefits 

of the proposed strategy grow with PV size, reflecting its ability to better exploit locally generated 

renewable energy. Energy imports decline as PV capacity increases, following a trend closely 

aligned with total cost. This correlation is consistent, given that imported electricity constitutes 

the main component of operational expenses. By contrast, energy exports rise with PV size but 

remain similar across both strategies. However, the revenue generated from exports is 

significantly lower than the cost of imports, underscoring the importance of minimizing reliance 

on grid electricity to improve economic performance. 

  

 
Fig. 13 – Total cost (top) and energy imports/exports (bottom) for different PV sizes. Monetary savings 

when adopting a pTopt strategy are shown in gray bars. 

Fig. 14 presents results analogous to those in Fig. 13, comparing both operational strategies 

under varying weekly hydrogen demands. As expected, when demand is zero, total costs are 

identical for both strategies, since the electrolyzer remains idle and the plant solely exports PV-

generated electricity. This results in a revenue of approximately 4.8k€, with no associated 

production costs. As hydrogen demand increases, more grid energy must be imported, leading to 

higher operational costs. Nonetheless, the plant remains economically viable at moderate demand 

levels. For instance, at 840 kg/week, the pTopt strategy still enables a net revenue, illustrating its 

effectiveness in managing energy use. Total costs are consistently higher under the Reference 

strategy. However, the relative advantage of pTopt diminishes with increasing demand. At 4200 

kg/week, cost savings decrease to about 4.5%, as the electrolyzer operates more frequently near 



its maximum current density, where efficiency differences between strategies are less significant. 

These results confirm that the pTopt strategy provides economic benefits, particularly at low to 

moderate demand levels, while maintaining robust performance even as demand increases. 

 
Fig. 14 – Total cost (top) and energy imports/exports (bottom) for different week demands. Monetary 

savings when adopting a pTopt strategy are shown in gray bars. 

5.7 – Comparison with nonlinear models 

To further highlight the advantages of the developed model and demonstrate the merits of the 

MILP optimization formulation over nonlinear approaches, the overall performance of the 

proposed method was compared with two well-established nonlinear solvers. It is important to 

note that, in order to keep the problem solvable without relying on advanced optimization 

techniques, binary variables were excluded from the nonlinear formulations. 

The first solver used in the comparison was ‘fmincon’, the standard nonlinear solver in Matlab 

R2021b. In this case, the electrochemical model was explicitly included, fully accounting for the 

nonlinear relationships between temperature, pressure, and current density. However, the solver 

terminated prematurely without reaching the default optimality tolerance within a reasonable 

timeframe, which was set to 400 iterations (~1 hour in our experimental setup). 

Given the computational challenges encountered with ‘fmincon’ for large-scale nonlinear 

models, the same problem was subsequently solved using IPOPT [57] in Python. This approach 

yielded satisfactory results within approximately 600 seconds. By contrast, our MILP-based 

approach was able to solve the same model, including binary variables, in just 30–35 seconds. 

This significant computational efficiency offers multiple advantages, particularly in terms of 

scalability, as further illustrated in the subsequent section. Additionally, the fast computation time 

makes the developed tool suitable for real-time or short-term applications, where rapid results are 

crucial. Furthermore, the computational superiority of our approach facilitates its use in sensitivity 

analysis, enabling the evaluation of various solutions within a reasonable timeframe. 

5.8 – Scalability 

The results discussed above demonstrate the performance of the proposed control strategy in 

the baseline configuration of a 1.5 MW electrolysis system. To evaluate the scalability of the 

approach, this section presents simulation results for a large-scale system. Currently, the largest 

operational PEM electrolyzer installations worldwide reach a rated power of 20 MW, such as 

those located in Bécancour, Canada and Puertollano, Spain [58,59]. Accordingly, to assess the 

performance of the proposed methodology under similar conditions, the parameters used in 

previous simulations were scaled up to a nominal power of 20 MW. This approach was adopted 

due to the lack of publicly available data on specific characteristics of these commercial 

installations, such as total active cell area. Nevertheless, this assumption is justified by the 

modular nature of PEM electrolyzers, which enables high power outputs through the aggregation 

of smaller units. For instance, the Bécancour facility comprises four PEM stacks of 5 MW each, 



while the Puertollano plant consists of sixteen 1.25 MW stacks. Under the 20 MW assumption, 

implementation of the pTopt control strategy allows reducing the total cost from 138,590€ to 

121,280€, with computational time remaining comparable to that of the baseline case. Fig. 15 

summarizes the results from the scalability analysis, which are consistent with those from 

previous simulations, thereby confirming that the proposed control strategy maintains robust 

performance with increasing system size. 

 
Fig. 15 – Scheduling results (top), system efficiency (middle), and temperature/pressure (bottom) obtained 

in a 20 MW plant. Negative power indicates exports. 

The new proposal solves a series of MILP problems, which can be efficiently handled using 

off-the-shelf solvers. This represents a major advantage of the proposed methodology over other 

computational tools such as in [26]. Indeed, the computational time typically ranges from 15 to 

30 seconds, on average, which is more than reasonable for a week-ahead scheduling tool. 

Promising results suggest that the developed tool can be applied to longer time horizons. To verify 

this, the proposed methodology was executed on a one-year time period with hourly resolution 

(8760 time steps), using the same data as in the week-ahead case (sales rates were taken at 40% 

than imports ones), but without relying on time series aggregation techniques. In this scenario, 

the resolution time was in the order of 30 minutes, which is acceptable when dealing with yearly 

time horizons, as typically in planning tools that are executed offline [60]. 

Considering data over an entire year offers several important advantages. Most notably, it 

enables a more accurate assessment of hydrogen storage system performance by effectively 

capturing both intraday variations and long-term seasonal trends [61]. These aspects are 

particularly relevant when evaluating the economic viability of hydrogen-based storage 

technologies, which (unlike other energy storage systems [62]) are strongly influenced by 

seasonal dynamics over extended time horizons.  

To illustrate this aspect, Fig. 16 presents the total hydrogen stored during two representative 

months: August and December. Using full-year data, as opposed to focusing on a single week, 

allows for a more comprehensive representation of both intraday and seasonal storage patterns. 

This approach provides a more accurate evaluation of the hydrogen storage system's viability and 

scheduling, as it captures variations over longer timeframes. Intraday trends clearly exhibit a 

charging pattern in the morning, when PV generation increases, followed by discharging during 

the evening and night hours. Seasonally, the storage system is more fully charged in August, 

benefiting from the higher solar energy production during summer months. Moreover, the total 

cost analysis demonstrates a 15% reduction in costs when implementing the pTopt strategy, 

highlighting its efficiency in optimizing both energy use and hydrogen storage over time. 

                  
   

 

  

 
 
 
  
  
 
 
               

      

                  
  

  

  

  

  
  
  

  
  
  
  
  
 
 

                  

    

  

  

  

  
  
 

  
 
 
  
  
 
  
  
  
 

 

  

  

 
  
 
 
 
 

 
  
  
 
  
  
 
  
            

        



 
Fig. 16 – Total hydrogen stored in August and December using a pTopt strategy. 

5.9 – Discussion 

The results presented in this paper further validate the conclusions drawn in previous studies, 

such as [25, 26]. Indeed, optimal adjustments of cathode pressure and stack temperature ensure 

that PEM electrolyzers operate with high efficiency across the entire valid range of operational 

current densities. In general, low temperatures and pressures are preferred at low current densities, 

where the gas crossover effect predominates and significantly impacts system performance. As 

the current density increases, both temperature and pressure should be progressively elevated to 

reduce the thermal and compression energy demands. Nevertheless, operational pressure remains 

significantly lower compared to the Reference case, in order to mitigate the gas crossover effect 

when operating at high current densities. The negative effects associated with gas crossover can 

be further diminished by increasing the membrane thickness, which acts as a diffusion barrier. 

However, implementing a pTopt strategy enables effective control of the gas crossover 

phenomenon through cathode pressure optimization, even when using thinner membranes, 

thereby enhancing overall system efficiency without compromising material or design 

constraints.  

Although optimally adjusting temperature and pressures offers multiple safety and economic 

advantages, prolonged dynamic operation under such variable conditions may accelerate 

degradation mechanisms, especially in the anode catalyst layer (ACL), where transport and 

reaction processes fluctuate rapidly. In this regard, ref. [63] introduces a temporal multiscale 

modeling approach that simulates these degradation processes by decoupling fast-scale transport-

reaction dynamics from slow-scale material degradation. Their study demonstrates that dynamic 

operation influences catalyst dissolution and provides a pathway for integrating performance and 

durability modeling. Furthermore, ref. [64] investigates the effects of dynamic, fluctuating power 

inputs on PEM electrolyzers, with a particular focus on the accelerated degradation of the ACL 

during high-frequency switching, such as the operation of wind-powered systems. Their findings 

show that dynamic operation under conditions that involve rapid voltage changes between open 

circuit voltage (OCV) and operational states, or frequent transitions between high and low current 

densities, especially in cells with low anode catalyst loading, leads to increased degradation rates. 

However, if periods of OCV and sudden fluctuations between high and low current densities or 

cell voltages are avoided, dynamic operation can benefit the longevity of PEM water electrolyzers 

[65, 66]. Although a further analysis on electrolyzer degradation is out of the scope of this paper, 

future work should build on these modeling approaches to comprehensively evaluate the trade-

offs between operational efficiency and component longevity in the context of dynamic operation 

of PEM water electrolyzers. 

It has been demonstrated that the AHC remains at risky levels when relying on a conventional 

operational strategy, particularly at low current densities, where the permeation of hydrogen 

towards the anode is more pronounced. This situation can be mitigated by reducing the operational 

temperature and pressure, thereby decreasing the relative concentration of hydrogen at the anode 

and minimizing safety risks. From an economic perspective, the implementation of the pTopt 

strategy can lead to considerable cost reductions, with potential savings of up to 38%, mainly due 

to improved efficiency. However, in scenarios where the electrolyzer is frequently operated near 

its maximum current density (where thermal and mass transport limitations dominate) the 

                      

    

 

   

   

   

   

 
 
  
 
 
 

 

   

   

   

 
 
  
 
  
 
   
  

      

        

  



performance gap between the pTopt and conventional strategies narrows. In such cases, the added 

complexity and cost of implementing a control system for real-time dynamic adjustment of 

pressure and temperature may not be economically justified, and a simplified strategy could be 

more suitable depending on the operational profile and investment constraints. 

Economic outcomes can be more accurately assessed over extended time horizons (such as 

an entire year) where seasonal fluctuations and long-term operational patterns of hydrogen storage 

systems can be more thoroughly captured. Results derived from full-year datasets highlight that 

evaluating hydrogen storage performance over short periods (e.g., daily or weekly) may lead to 

misleading conclusions, as they fail to reflect the cumulative and cyclical behavior of energy 

systems. In this context, the developed optimization tool demonstrates a strong capability to 

efficiently manage large temporal datasets, thereby providing a robust framework for the 

comprehensive evaluation of water electrolysis installations under realistic operating conditions. 

Furthermore, the scalability of the proposed approach has been validated through its application 

to a 20 MW plant, where it delivered reliable and consistent results within competitive 

computation times, reinforcing its practical relevance for industrial-scale implementations. 

6 – Conclusion 

A new optimization methodology for optimally adjusting pressure and temperature in PEM 

electrolyzers has been presented in this paper. The proposed approach evaluates the maximum 

system efficiency for different current densities and incorporates this map into the optimization 

model. Nonlinearities are addressed through the application of a tightening McCormick 

algorithm. The final optimization problem is cast as a solvable MILP model, which can be 

efficiently solved using off-the-shelf solvers. Furthermore, this formulation also allows for the 

inclusion of binary variables, enabling a precise representation of the electrolyzer operational 

states. 

After extensive testing in different case studies, the results of the new proposal lead to the 

following conclusions: 

• Significant cost savings can be achieved through optimal control of temperature and 

pressure, particularly when the electrolyzer operates frequently at low current densities. 

Specifically, the pTopt control strategy allows reducing costs by 12.5% over a week 

horizon in the case study. 

• In contrast to conventional strategies, lower temperatures and pressures are preferable 

under partial load conditions, primarily due to the dominance of gas crossover effects in 

this regime. 

• Implementing an optimal temperature-pressure control strategy allows leveraging further 

local renewable generation, especially due to the typical operation at a higher level of 

efficiency. 

• The economic benefits of dynamic control diminish as hydrogen demand increases and 

the electrolyzer operates closer to its rated capacity. Under these conditions, the 

efficiency achieved with dynamic control closely resembles that of conventional 

strategies, making the advantage of temperature–pressure optimization less pronounced. 

• Dynamic control of operating conditions contributes to reducing the anodic hydrogen 

content, thereby enhancing the safety of the electrolyzer during operation. 

• The proposed model demonstrates a significant improvement in computational 

performance compared to conventional nonlinear models, exhibiting a considerably 

lower computational burden in comparison with ‘fmincon’ and IPOPT. 

• The MILP-based formulation provides significant scalability advantages over previous 

nonlinear approaches, enabling application to large-scale systems and extended time 

horizons (e.g., one year). This facilitates a more accurate representation of seasonal 

hydrogen storage dynamics and long-term system behavior. 



Optimally controlling pressure and temperature can be highly beneficial in isolated 

installations, where electrolyzers must adapt to variable renewable generation and often operate 

under partial load conditions. Future research should focus on further exploring this aspect, 

specifically examining the trade-off between utilization factor and the economic viability of a 

control system that enables dynamic regulation of operating conditions. Moreover, the effect of 

dynamic control on electrolyzer degradation requires a more comprehensive analysis. In this 

context, the developed model could serve as a valuable tool for evaluation, as it can be easily 

implemented in different software platforms and programming languages. 
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