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Introduction: Fuel cell technology is a harbinger of the future for generating electricity due to their high efficiency and low emissions achieved through the direct conversion of chemical energy into electrical energy without combustion.Methods: To optimize the design and performance, a fuel cell model is essential to predict its behaviour in different conditions. This technical note presents a novel physics-based approach, the Young’s Double-slit Experiment Optimizer (YDEO), for identifying parameters in Proton Exchange Membrane Fuel Cells. A performance metric is established by formulating an objective function that relies on the summation of squared errors between experimental and estimated values.Results and discussion: The effectiveness of this approach is evaluated through the analysis of four benchmark test cases: Horizon 500 W, BCS500 W, NedstackPS6, and 250 W. The corresponding objective function values for these test cases are 0.011243, 2.065557, 0.011698, and 5.250849, respectively. The simulation results demonstrate the efficacy of the proposed YDEO algorithm when compared with other existing popular and contemporary algorithms in the literature.Keywords: fuel cell, parameter estimation, optimization, meta-heuristics, fuel cell model
1 INTRODUCTION
1.1 Motivation
Fossil fuel-based transportation has several drawbacks which have significant environmental and economic impact (Carrette et al., 2000), (Ahluwalia and Wang, 2008), (Pan et al., 2021), (Sharaf and Orhan, 2014), (Zhou et al., 2024). The burning of fossil fuels releases greenhouse gases such as carbon dioxide, which contribute to climate change and air pollution. These resource fuels are non-renewable resources which means they will eventually run out. Extracting and transporting the fossil fuels can be environmentally damaging and the prices of fossil fuels can be unpredictable as they are subject to global market forces making it difficult for businesses and consumers to accommodate budget for fuel expenses. Many Nations rely heavily on fossil fuels that they import, making them susceptible to fluctuations in prices and disruptions in the supply chain. Burning fossil fuels and resulting air pollution can harm human health, especially those residing in urban regions (Zhang et al., 2016), (Ma et al., 2023), (Zhu et al., 2024). Additionally, fossil fuel based transportation is not as energy efficient as electric vehicles owing to higher consumption of fossil fuel and thereby higher costs.
The use of fuel cell technology has the potential to transform transportation by offering a clean and effective substitute to conventional fossil fuel-based vehicles (Bai et al., 2022). Fuel cells convert chemical energy from a fuel source, such as hydrogen, into electrical energy to power an electric motor. This results in zero emissions and high energy efficiency. Additionally, fuel cells can have a longer range and faster refuelling times compared to battery-electric vehicles. However, the widespread adoption of fuel cell technology in transportation is currently limited by the cost and availability of hydrogen fuel infrastructure.
There are various types of fuel cell technologies, including alkaline fuel cells, molten carbonate fuel cells, solid oxide fuel cells, phosphoric acid fuel cells, and Proton Exchange Membrane fuel cells. PEMFC is a popular technology due to its low operating temperature, high power density, fast startup, and low emissions (Wang et al., 2011). PEMFC operates at temperatures between 60°C–100°C, making it suitable for various applications, including automotive, residential, and portable power.
A fuel cell’s mathematical model is essential for various reasons. Firstly, it allows engineers and researchers to simulate and predict how a fuel cell would behave under different operating conditions such as temperature, pressure, or fuel composition. This helps them to optimize the design and working of the fuel cell to make it more efficient, durable, and cost-effective. Additionally, a mathematical model can provide insights into the physical and chemical processes that take place within the fuel cell. Understanding of these processes will benefit the researchers to develop new materials, catalysts and operating strategies so to enhance its performance. Moreover, a mathematical model can be used to simulate the interactions between a fuel cell and other components like battery or an electric motor that are present in the entire system. This information can be leveraged to enhance the overall performance and efficiency of the system. Mathematical models can also evaluate the economic feasibility of different fuel cell designs and configurations, as well as the potential cost savings of using fuel cells instead of traditional fossil fuels.
Fuel cell modelling approaches can be broadly classified into three categories:
Empirical models: These models are based on an experimental data and are used to predict the performance of a fuel cell under different operating conditions. They are relatively simple to develop and can provide good predictions for specific operating conditions, but they may not be accurate for conditions that are different from the ones used to develop the model.
Physics-based models: These models are employed to comprehend the fundamental mechanisms of a fuel cell and have the potential to forecast the performance of a fuel cell across a broad spectrum of operating circumstances. They are more complex to develop and require a good understanding of the underlying physics of the fuel cell, but they provide more accurate predictions than empirical models.
Hybrid models: These models combine both empirical and physics-based approach, often taking advantage of the strengths of both models, to develop a more accurate model.
The choice of modelling approach depends on the specific application and the level of details and accuracy required.
The need for estimation of fuel cell model parameters arises due to the complexity and variability of fuel cell systems. Fuel cell systems are highly non-linear, dynamic, and dependent on many factors such as temperature, humidity, pressure, and fuel composition. These factors can affect the performance of the fuel cell and make it difficult to predict the behaviour of the system based on the sole approach of theoretical models. Estimation of fuel cell model parameters addresses these issues by using experimental data to estimate the unknown parameters of the model. Utilizing experimental data for parameter estimation allows the model to be calibrated, aligning its predictions with the actual system’s behavior and consequently enhancing the accuracy of predictions.
[image: ]Meta-heuristic optimization algorithms are important for fuel cell parameter estimation because they provide a powerful tool for solving the complex and non-linear optimization problem of estimating the parameters of a FC model.
FC model is highly non-linear and have multiple local minima and maxima in the parameter space, making it difficult for conventional optimization algorithms such as gradient-based methods to find the global optimum solution. Meta-heuristic optimization algorithms, on the other hand, are designed to explore a large search space and are able to find global optimal solutions in non-convex problems.
Existing meta-heuristic algorithms for parameter estimation of fuel cell models have a few drawbacks, including:
Sensitivity to initial conditions: Meta-heuristic algorithms are often sensitive to the initial conditions, meaning that the final solution can be different depending on the initial values of the parameters. This can make it difficult to obtain a consistent and reliable solution for the parameter estimation problem.
Convergence to local optima: Meta-heuristic algorithms, like other optimization algorithms, can sometimes converge to local optima rather than the global optimum solution. This can be a problem in fuel cell parameter estimation, as the parameter space is often highly non-linear and has multiple local minima and maxima.
Difficulty in handling constraints and bounds: Some meta-heuristic algorithms face challenges during handling of constraints and boundaries on the parameters which can make it difficult to find the global optimum solution while satisfying the constraints and bounds.
Slow convergence: Some meta-heuristic algorithms can be slow to converge to the global optimum solution, especially when the parameter space is large or complex. This can make it impractical to use these algorithms for real-time parameter estimation in a fuel cell system.
Lack of robustness: Some meta-heuristic algorithms lack robustness and can be affected by the presence of outliers or other anomalies in the data.
High-computational burden: Some algorithms are highly complex and requires huge mathematical calculations and hence computational burden.
To overcome the limitations, this article introduces a novel method for estimating parameters of FC based on Young’s double-slit experiment. The proposed approach for parameter extraction from practical measurement data is assessed using four benchmark test cases and compared with several algorithms from the literature. The comparative analysis demonstrates the robustness and effectiveness of the proposed method.
2 MATHEMATICAL MODEL OF PEMFC
A PEMFC can transform the stored chemical energy in a fuel like hydrogen, and an oxidizing agent such as oxygen taken from the atmosphere, into electrical energy without any intermediaries (Qin et al., 2020)– (Abd Elaziz et al., 2023), (Ayyarao et al., 2024) (Askarzadeh and Rezazadeh, 2012; Priya et al., 2018; Yuan et al., 2020; Duan et al., 2022). The working of FC is illustrated in Figure 1. The overall reaction occurring in a PEMFC can be represented using Equation 1.
[image: image]
[image: Figure 1]FIGURE 1 | Working of fuel cell- conceptual view.
This reaction produces a voltage between the two electrodes, which can be used to power an external circuit. The PEMFC consists of a cathode (positive electrode), an anode (negative electrode), and a proton exchange membrane (PEM) in between them.
The anode half-cell reaction in a PEMFC can be represented using Equation 2.
[image: image]
This reaction releases hydrogen ions (protons) and electrons, which flow through separate paths to the cathode and the electrons drift through an external circuit, producing electrical energy. The protons travel through the PEM, which is a thin, solid polymer electrolyte that allows only the passage of protons. The protons combine with the oxygen and electrons at the cathode, which can be represented using Equation 3.
[image: image]
The polarization curve illustrates the relationship between the output voltage and the current density, revealing the non-linear output characteristics of a PEMFC. Under standard conditions (298.15 K and 1 bar), the optimal thermodynamic potential of an H2/O2 PEMFC is approximately 1.229 V.
The voltage produced by a PEMFC is determined by the difference in electrochemical potential between the anode and cathode. This is typically expressed in terms of the standard electrode potential of each half-reaction. The overall voltage (V) produced by the cell can be calculated using the Nernst equation:
The overall voltage of the stack is given as:
[image: image]
The cell voltage [image: image] is calculated using (Equation 4).
[image: image]
The cell voltage given in (Equation 5) can be obtained by obtaining each term on the R.H.S.
The modified Nernst voltage can be obtained by considering the effect of temperature and pressure changes, relative to the standard conditions of 298.15 K and 1 bar, as described in Equation 6.
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Equations 7, 8 can be used to obtain the partial pressures [image: image], if the reactants are [image: image] and [image: image]. If the reactants are air and [image: image], then [image: image] should be calculated using (Equation 9).
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Where [image: image]
It is possible to calculate [image: image] using a semiempirical equation, which can be expressed in the following way:
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The concentration of dissolved oxygen at the cathode’s catalytic interface, [image: image], can be determined using Henry’s Law
[image: image]
The voltage [image: image] that appears across the resistances [image: image] and [image: image] can be determined by applying Equation 13, and it shows a linear relationship with the current flowing through the system
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[image: image]
The specific resistance can be formulated using (Equation 15).
[image: image]
The voltage drop [image: image] caused by concentration changes can be described using an empirical equation presented in (Equation 16).
[image: image]
To accurately predict the performance of the PEMFC stack, it is necessary to estimate the values of its seven parameters. The objective function is a key tool in this process, as it enables the identification of unknown parameters through the comparison of experimental and simulated data. In particular, an objective function is created by summing the squared differences between the measured and simulated values using Equation 17.
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The step-by-step procedure to calculate the stack voltage is outlined as:
i. Begin by defining all constants such as l, A, T, PH2, PO2, Jmax,
ii. Obtain the variable parameters [image: image] from the optimization algorithm
iii. Calculate the saturation pressure of water using (Equation 10).
iv. Compute [image: image] using (Equation 12).
v. Determine [image: image] and [image: image] using (Equations 14, 15) respectively.
vi. Calculate the voltage drop [image: image] using (Equation 16), [image: image] using (Equation 13), [image: image] using (Equation 11), [image: image] using (Equation 6).
vii. Now, compute the cell voltage using (Equation 5) and finally, derive the stack voltage using (Equation 4).
The MATLAB code to calculate the objective function is publicly available on the MathWorks website, associated with article (Ayyarao et al., 2024). Interested users can reference this code for a basic understanding of the concept.
3 YOUNG’S DOUBLE-SLIT EXPERIMENT OPTIMIZATION
3.1 Inspiration
Young’s double-slit experiment optimization is an optimization algorithm that takes inspiration from the well-known double-slit experiment conducted by Thomas Young during the early 1800 s. The experiment entailed directing a beam of light through two slender openings in a barrier, leading to the observation of an interference pattern on a screen positioned behind the barrier. Unlike lasers, which emit monochromatic and coherent light, most lights are non-monochromatic and incoherent. The experiment is quite straightforward and revolves around the principle of illuminating a barrier containing two small slits—the first and second slits—with light from a monochromatic source. Beyond the barrier, a projection screen is meticulously positioned to document the trajectory of light. Upon passing through the narrow slits, the light waves intersect, giving rise to an interference pattern discernible on the screen. This phenomenon engenders semicircular waves as light traverses the slits, wherein luminous bands (fringes) denote interference maxima and dim bands signify interference minima. The interference pattern persists uniformly across the screen, with the positions of bright and dark fringes remaining constant. Notably, maintaining coherence between the two light sources is imperative for ensuring the stability of the interference pattern.
3.2 Mathematical model
The Young’s double-slit experiment optimizer is based on the concept of interference patterns, like those observed in Young’s experiment (Abdel-Basset et al., 2023). The various steps involved in YDEO algorithm are:
3.2.1 Initialization
In the first phase of the experiment, a group of monochromatic light waves are created using Equation 18.
[image: image]
3.2.2 Huygen’s Principle
According to Huygen’s principle, each point on a wavefront behaves as a generator of secondary wavelets that spread uniformly in all directions at a constant speed. The combination of these wavelets determines the position of the new wavefront later given in Equations 19, 20.
[image: image]
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3.2.3 Travelling waves update
During Young’s double-slit experiment, the passage of coherent light through two slits produces an interference pattern on a screen located behind the slits. In Young’s double-slit experiment, the coherent light passing through the two slits creates two sets of waves that interfere with each other. The resultant wave creates a pattern of bright and dark fringes on the screen, which correspond to areas of constructive and destructive interference.
[image: image]
Here [image: image]
3.2.4 Wave fringes
When the light waves from the pair of slits intersect on the screen, they undergo constructive or destructive interference. Constructive interference occurs where the waves are in phase, meeting crest-to-crest or trough-to-trough, resulting in a bright band. Conversely, destructive interference occurs when the waves meet crest-to-trough, leading to a dark band. The spacing of these light and dark bands is determined by factors such as the distance between the slits and the screen, along with the wavelength of the light employed. The pattern of bands can be explained using the principles of wave interference.
3.2.5 Constructive interference
CI is the phenomenon where waves combine to produce a larger amplitude. In the case of Young’s double-slit experiment, constructive interference occurs when the waves of light passing through the two slits are in phase with each other. This occurs because the waves from each slit arrive at the screen with a path difference. When the path difference is equal to an integer multiple of the wavelength of the light, the waves interfere constructively, creating a bright fringe. The path difference is determined by the distance between the slits and the distance from the slits to the screen.
In the case of (i is even), the wave update is given by Equation 22.
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In the case of i = 0, the wave update is given by Equation 23.
[image: image]
3.2.6 Destructive interference
DI happens when the crests of one wave coincide with the troughs of another wave, resulting in a reduction in the overall amplitude (brightness) of the interference pattern. In the context of the double-slit experiment, the light passing through each slit generates its own wave pattern, which then overlap and interfere with each other on the screen. When the crest of one wave coincides with the trough of another wave, the two waves cancel each other out, resulting in a dark spot on the screen where no light is detected and this given by Equation 24.
[image: image]
The flowchart for YDEO algorithm for fuel cell parameter estimation is illustrated in Figure 2.
[image: Figure 2]FIGURE 2 | Flowchart of YDEO algorithm.
4 RESULTS AND DISCUSSION
As mentioned in Section 2, the PEMFC model requires the estimation of seven unknown parameters. The bounds of the parameter space for all the test cases can be found in Table 1, while the testing conditions for the three benchmark systems are itemized in Table 2. To identify the parameters of the PEMFC model for the Horizon500W, BCS500W, and NedstackPS6 benchmarks, we proposed the YDEO algorithm, which was implemented in MATLAB and executed on an Intel I5 processor. We compared the performance of the proposed YDEO algorithm with that of other recent and contemporary optimization algorithms, including Particle Swarm Optimization (Kennedy and Eberhart, 1995), Multi-Verse Optimization (MVO) (Mirjalili et al., 2016), Slime-Mould Optimization (SMO) (Li et al., 2020), Harris Hawk Optimization (HHO) (Heidari et al., 2019), Arithmetic Optimization Algorithm (AOA) (Abualigah et al., 2021), Grey Wolf Optimization (GWO) (Mirjalili et al., 2014), Artificial Electric Field Algorithm (Anita and Yadav, 2019), and Artificial Vulture Optimization Algorithm (Abdollahzadeh et al., 2021). For all algorithms, a population size of 50 was utilized, and the maximum allowable number of function evaluations was established at 5000.
TABLE 1 | Bounds of the parameter space.
[image: Table 1]TABLE 2 | Testing conditions for various PEMFC stacks.
[image: Table 2]4.1 Horizon500W results
Figure 3 depicts the convergence curves of the YDEO algorithm, as well as those of other algorithms. This graph showcases the superior performance of the algorithm in terms of both accuracy and convergence speed. Figure 4 depicts the polarization curve with experimental and calculated values. This graph clearly shows that the simulated values are very closer to the experimental values. Experimental measurements and estimated values for the first test case are recorded in Table 3. The overall SSE value for this test case is 0.011243. The maximum and minimum absolute error between experimental and simulated values are 5.621E-02 and 4.950E-04 respectively. The sum of the absolute error values is equal to 3.189E-01 which is very less and hence the mathematical model is very closely mimics the practical system.
[image: Figure 3]FIGURE 3 | Convergence curve of YDEO when compared with other algorithms in the case of Horizon500W fuel cell.
[image: Figure 4]FIGURE 4 | Horizon500W polarization curve with experimental and calculated values.
TABLE 3 | Experimental and simulated values for Horizon500W.
[image: Table 3]4.2 NedstackPS6 results
Figure A1 in appendix illustrates the convergence performance of YDEO algorithm when compared with the recent algorithms and the graphs reveal that the proposed YDEO algorithm achieves minimum objective function value with less iterations. Table 4 records the experimental and simulated values. The overall SSE values for the second test case is 2.065557. The maximum and minimum absolute error between the measured and simulated values are 7.158E-01 and 1.356E-02 respectively and the sum of the absolute error values is 5.945. Figure 5 illustrates the polarization curve with the experimental data and estimated data using the proposed algorithm. To exemplify NedStack’s performance across varied simulated cell temperature conditions, we’ve visually represented the impact of temperature fluctuations in a Figure A2 found in the appendix. The findings reveal a notable trend: as the temperature increases, there’s a corresponding rise in stack voltage.
TABLE 4 | NedstackPS6 experimental and simulated results.
[image: Table 4][image: Figure 5]FIGURE 5 | Polarization curve for BCS500W.
4.3 BCS500W results
Figure A3 depicts how the YDEO algorithm compares to recent algorithms in terms of convergence performance. The graphs demonstrate that the YDEO algorithm achieves a lower objective function value with fewer iterations. Meanwhile, Table 5 presents both experimental and simulated values. For the third test case, the overall sum of squared errors is 0.011698. The maximum and minimum absolute errors between measured and simulated values are 7.158E-01 and 1.356E-02, respectively. The total sum of absolute error values amounts to 5.945.
TABLE 5 | BCS500W stack results.
[image: Table 5]4.4 Robustness to varying pressures and temperatures
The effectiveness of the proposed algorithm underwent scrutiny through thorough analysis of a vast 250W PEMFC dataset, covering diverse data points from various temperature and pressure configurations. Moreover, Figure 6 illustrates polarization curves, displaying the experimental and predicted stack voltages at two distinct sets of conditions: 3/5 bar pressure and 353.15 K temperature, and 1/1 bar pressure and 343.15 K temperature. These curves unveil nuanced distinctions between the experimental and predicted values. Additionally, Table 6 provides a comprehensive overview of the experimental data juxtaposed with the estimated data generated through the proposed method.
[image: Figure 6]FIGURE 6 | Polarization curves for 250W benchmark model.
TABLE 6 | Benchmark model 250W stack results.
[image: Table 6]4.5 Comaprison with other algorithms
The proposed method’s efficacy is demonstrated through comparison with existing algorithms in the literature, utilizing three distinct datasets. These comparisons are quantified through the evaluation of an objective function, specifically the SSE between experimental and estimated voltages. The results, neatly organized in a Table 7, unequivocally showcase the superiority of the proposed algorithm across all three test cases. With its consistently lower objective function values, the proposed method emerges as the standout performer, surpassing the alternatives examined in the study. This outcome not only underscores the effectiveness of the novel approach but also positions it as a leading contender for fuel cell parameter estimation, potentially offering significant advancements in this domain.
TABLE 7 | Comparison of YDEO with other algorithms for NedstackPS6, Horizon 500W, BCS500W.
[image: Table 7]5 CONCLUSION
The estimation of unknown model parameters is a challenging but crucial topic in the research of PEMFC. This study has proposed a new and accurate approach, namely, the Youngs Double slit Experiment Optimization algorithm, to address this issue. This approach can greatly benefit the design, simulation, analysis, evaluation, and control of PEMFC systems. By formulating an objective function based on the sum of squared errors between experimental and calculated values, this study has evaluated the YDEO algorithm on four benchmark test cases: Horizon 500W, BCS500W, NedstackPS6 and 250 W. The simulation outcomes indicate that the YDEO algorithm, as suggested, surpasses other widely used and current algorithms found in literature. This positions it as a promising tool for accurately estimating parameters in PEMFC models.
This work can be extended by combining mathematical model with machine learning algorithms for bridging the gap between theory and practical.
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[image: Figure A2]FIGURE A2 | Polarization curves for different operating temperatures.
[image: Figure A3]FIGURE A3 | Convergence curve of YDEO when compared with other algorithms in the case of BCS500W fuel cell.
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13 90.00000 49.66000 49.4183380463 5.84004999E-02
14 99.00000 49.00000 48.6269638929 1.39155937E-01
15 105.80000 48.15000 48.0307740515 1.42148268E-02
16 11030000 47.52000 47.6361313972 1.34865014E-02
17 117.00000 47.10000 47.0473350329 2.77359876E-03
18 126.00000 46.48000 462521155388 5.19313277E-02
19 13500000 45.66000 454494229707 4.43426853E-02
20 141.80000 44.85000 448364383990 1.83917021E-04
21 150.80000 44.24000 440146209650 5.07957094E-02
[ 2 16200000 42.45000 429720717875 2.72558951E-01
23 171.00000 41.66000 421157583200 2.07715646E-01
24 18230000 40.68000 41.0137409013 1.11382989E-01
7 25 189.00000 40.09000 403446591494 6.48512824E-02
2 195.80000 39.51000 39.6525752894 2.03277131E-02
27 204.80000 38.73000 387148770966 2.28702206E-04
28 211.50000 38.15000 37.9995977370 2.26208407E-02
29 220.50000 3738000 37.0139029660 1.34027038E-01

Y. (Vi = Vey)? = 2.065556920795640
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