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Proton exchange membrane fuel cell (PEMFC) is one of the most widely used fuel cell types. Accurate modeling of PEMFC can better facilitate the research of PEMFC and guide designers to design FC products that meet people’s needs. The modeling problem of PEMFC can be transformed into a parametric optimization problem. In order to improve the exploration capability of the pathfinder algorithm, the concept of quantum computing is introduced and a new quantum coded pathfinder optimization algorithm (QPFA) is proposed. QPFA was applied to the extraction of parameters of NedStackPS6, BCS500W and 250W FC, and these models of PEMFC have been applied for commercial use. The experimental results were compared with seven recently proposed metaheuristics and recently published literature, showing the accuracy and high precision of QPFA in extracting PEMFC parameters.
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1 INTRODUCTION
Due to the air pollution and environmental changes caused by burning fossil fuels, green renewable energy is increasingly considered as an alternative energy source (Priya et al., 2018). The fuel cell is a new energy supply technology (Rezk et al., 2022). Several popular fuel cell products in the market can be divided into several types according to the type of electrolyte: proton exchange membrane FC (PEMFC) (Pourrahmani et al., 2019), alkaline FC (AFC) (Saebea et al., 2019), solid oxide FC (SOFC) (Chuahy and Kokjohn, 2019), phosphoric acid fuel cell (PAFC) (Guo et al., 2021), (Inci and Türksoy, 2019), and microbial fuel cell (MFC) (Sayed et al., 2021), (Ido and Kawase, 2020). PEMFC is the most widely used (Miao et al., 2020). A large number of PEMFCs use in transportation applications (Shaheen et al., 2021). These fuel cells have been used for a variety of purposes in power supply, the mathematical model of PEMFC accurately established to better promote the research of FC.
There are three main types of mathematical modeling for PEMFCs, theoretical (Ashraf et al., 2022), empirical (Busquet et al., 2004), and semi-empirical models (Amphlett et al., 1995). Accurate design and modeling of PEMFCs can help researchers design products that meet performance requirements and reduce production costs. Early researchers mainly used adaptive filters and black-box testing techniques to determine the parameters of PEMFC models. However, these methods have significant drawbacks, including poor accuracy and lack of flexibility. PFMFC has multi-variable and multi-peak nonlinear characteristics, and the operation of the PEMFC is accompanied by complex behavior of gas, liquid and heat conduction (Yang et al., 2020), which will lead to complex and labor time costly application of conventional technology (Abdel-Basset et al., 2021a). Therefore, a new technique is urgently needed to solve the PEMFC parameter extraction problem. With the development in the field of artificial intelligence, metaheuristic algorithms have achieved good results in nonlinear system optimization problems, and the problem of extracting PEMFC parameters can be seen as an optimization problem to be solved (Kandidayeni et al., 2019).
Many researchers have investigated the PEMFC parameter extraction problem using metaheuristic algorithms. GA was first used to extract the parameters of PEMFC (Priya et al., 2015), (Zhang and Wang, 2018), However, GA has the disadvantages of slow convergence speed and high parameter sensitivity, so a new optimization algorithm particle swarm optimization algorithm is applied to the PEMFC parameter extraction (Salim et al., 2015). Gong and Cai (2013) employed a named ranking-based differential evolution to find the parameters of the PEMFC model. El-Fergany (2018a) used Slap Algorithms to extract parameters of two PEMFC models that have been applied to commercial reality. Rao et al. (2019) modeled PEMFC using shark odor optimization and proved the reliability of shark odor optimization using statistical methods. Chen and Wang (2019) proposed a cuckoo search algorithm (CS-EO) with an explosion operator and applied it to the PEMFC parameter extraction problem with success on four models of fuel cell cases. Priya and Rajasekar (2019) used the flower pollination algorithm for PEMFC model parameter extraction. Selem et al. (2020) applied MRFO to the problem of accurate extraction of uncertain parameters of PEMFC models. Rizk-Allah and El-Fergany (2021) proposed an improved and developed AEO (IAEO) applying it to PEMFC modeling and optimization. Gouda et al. (2021a) used the jellyfish search algorithm to extract the exact parameters of the PEMFC and experimented on three test cases with success. Gouda et al. (2021b) investigated the dynamic performance of the fuel cell using the basic pathfinder algorithm. Several other optimization algorithms have been successfully applied to the PEMFC parameter extraction problem, such as ICHOA (Abdel-Basset et al., 2021a), MVO (Fathy and Rezk, 2018), IFSO (Qin et al., 2020), PO (Diab et al., 2020), JAYA (Xu et al., 2019), SMO (Gupta et al., 2021), EO (Seleem et al., 2021), GBO (Elsayed et al., 2021), BMO (Abdel-Basset et al., 2021a), and so on. Although many metaheuristic algorithms have been applied to extract unknown parameters of PEMFC, according to the No free lunch theorem (Wolpert and Macready, 1997), no single algorithm can solve all engineering optimization problems. There is still room to improve the extraction accuracy of PEMFC parameters, so it is necessary for researchers to improve the meta-heuristic algorithm and apply it in the extraction of PEMFC parameters.
Pathfinder optimization algorithm is a metaheuristic algorithm proposed by Yapici and Cetinkaya (2019). It is inspired by the principle that the group leader leads other individuals to the optimal future regional in nature. Pathfinder optimization algorithm has been applied to many complex practical engineering optimization problems and achieved success. In this paper, in order to solve the problem that the individual follower will easily fall into a local optimum in pathfinder algorithm, a quantum coded pathfinder optimization algorithm is proposed to solve continuous optimization problems. In QPFA, the probability amplitude is used to represent the probability of qubits two states, and the probability amplitude is mapped to the optimization problem interval to calculate the fitness value of individuals. Each individual corresponds to two solutions of the optimization space, which expands the diversity of the population, effectively avoids the problem of easily falling into a local optimum in PFA, and increases the exploration ability of the algorithm. The updating strategies of the PFA and the quantum revolving gate are used to update the probability amplitude for algorithm iteration. Then QPFA is applied to extract unknown parameters of PEMFC. This paper’s main contribution can be summarized as follows:
1) A novel quantum coding pathfinder optimization algorithm is proposed to extract unknown parameters of PEMFC.
2) Three real PEMFC cases, NedStackPS6, 500WFC and 250WFC, were solved successfully. The experimental results proving the superiority of QPFA in extracting unknown parameters of PEMFC.
3) The results extracted by QPFA were compared with the excellent metaheuristic algorithm. In order to improve the persuasion of this study, the parameter results extracted by QPFA were compared with the results of recently published literatures, and QPFA found the best results.
The structure of this article is as follows. Section 2 describes the fuel cell model. Section 3 explains the method of extracting unknown parameters of PEMFC by QPFA and an objective function of optimization. Section 4 introduces the basic pathfinder algorithm (PFA). Section 5 introduces the quantum coding pathfinder algorithm (QPFA). Section 6 introduces the experimental results and analysis of QPFA applied to three real cases, and compares the results with some powerful optimization algorithms. Section 7 is the summary of this paper and the prospect of the future work.
2 PROTON EXCHANGE MEMBRANE FUEL CELL MODEL
This section introduces the semi-empirical model of PEMFC proposed by Mann et al. (2000). Its validity has been verified in many previous studies. The voltage output of PEMFC can be calculated using Eq. 1 (Mann et al., 2000).
[image: image]
where [image: image] represents the output voltage of PEMFC, its unit of measure is V. [image: image] denotes the cell open circuit voltage in (V) that is derived from the Nernst equation. [image: image] means a potential for activation in (V). [image: image] is the ohm voltage drop in the circuit and [image: image] represents the concentration voltage loss in (V).
Assuming that all connected cells have the same polarization properties, when [image: image] multiple cells are connected in series to form the stack, the stacks output voltage stack in (V) is described by Eq. 2.
[image: image]
Based on the Nernst equation and the magnitude of the change in temperature, [image: image] can be calculated by Eq. 3.
[image: image]
where T is the operating temperature of the cell in Kelvins and T [image: image] 100°C, [image: image] = 273.15K. [image: image] and [image: image] are the hydrogen and oxygen partial regulating pressures in PFMFC, they use atm as the unit of measurement. Dynamic changes of external load will lead to changes in [image: image] and [image: image], and their numerical changes can be calculated by Eqs 4–6 respectively. When the fuel cell chooses natural air as oxidant for electrochemical reaction, [image: image] will be calculated by Eq. 6.
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where [image: image] and [image: image] are the humidity of the steam at the anode and cathode of the fuel cell. [image: image] and [image: image] are the anode and cathode inlet pressures (atm). [image: image] and A are the cell current in (A) and the membrane effective area in (cm2), respectively. Furthermore, [image: image] is the water vapor saturation pressure (atm), which is calculated by Eq. 7, its value is only affected by temperature T.
[image: image]
The electrochemical reaction in fuel cells is slow at the initial stage, and activation loss [image: image] is used to describe the process, [image: image] can be calculated from Eq. 8.
[image: image]
where [image: image], [image: image], [image: image] and [image: image] are the semi-empirical coefficient in the model, their units of measurement are [image: image], [image: image], [image: image] and [image: image]. [image: image] represents the oxygen concentration at the cathode catalytic layer in (mol/cm3), which is expressed by Eq. 9.
[image: image]
In addition, the concentration of hydrogen at the anode catalytic layer [image: image] in (mol/cm3) is described by Eq. 10.
[image: image]
The ohm voltage loss in the circuit is calculated by Eq. 11, in the polarization curve, it shows a linear relationship.
[image: image]
where [image: image] in [image: image] represents the resistance shown by electrons as they pass through the connections to the external circuit, which can be calculated from Eq. 12. [image: image] in [image: image] indicates the resistance shown by protons passing through membrane active area A (cm2).
[image: image]
where the thickness of the membrane is represented by D in (cm). The membrane’s specific resistivity is represented by [image: image] in ([image: image].cm), [image: image] can be calculated by Eq. 13, [image: image] in Eq. 13 represents the amount of water in the membrane.
[image: image]
Finally, the concentration over-potential V con or mass transport losses will affect the I–V curve when the FC is overloaded, and this phenomenon can be calculated and described by Eq. 14.
[image: image]
where [image: image] is a parametric coefficient in (V), [image: image] and [image: image] are represents the actual and maximum cell current density in (A.cm−2).
3 PROPOSED IDENTIFICATION STRATEGY
This section introduces a general framework for extracting PEMFC parameters using metaheuristic algorithm. The QPFA proposed in this paper will be applied to extracting PEMFC parameters. According to the semi-empirical PFMFC model introduced in the previous section, seven parameters in the equation are unknown, and there is a strong coupling between these parameters. For such an optimization problem with nonlinear constraints, the metaheuristic optimization algorithm is used to determine the best parameters. The objective function is of great significance for model parameter identification. In this paper, the sum of the squared error (SSE) between the actual output voltage and the estimated output voltage is chosen as the objective function. The optimal model parameters are extracted by minimizing the objective function. Objective function (SSE) can be calculated by Eq. 15.
[image: image]
where [image: image] and [image: image] are the actual PFMFC data and simulation fuel cell voltage, [image: image] is the number of data items retrieved.
The optimization variables are the unknown PEMFC parameters, which can be described as:
[image: image]
Every variable has upper and lower bounds as follow:
[image: image]
The specific values of upper and lower bounds of parameters are listed in Table 1. A general framework for PEMFC parameter extraction using metaheuristic optimization algorithm is shown in Figure 1.
TABLE 1 | Upper and lower bounds of parameters.
[image: Table 1][image: Figure 1]FIGURE 1 | Process of extracting PEMFC parameters with metaheuristic optimization algorithm.
4 BASIC PATHFINDER ALGORITHM
In the PFA algorithm, each individual in the population will be placed in D - dimensional space. The individual in the most promising area is called the pathfinder, and the rest of the population will follow the pathfinder to search. This search model can be mathematically described by Eq. 16
[image: image]
where i represents the current iteration, [image: image] represents the position of the follower of the population. [image: image], [image: image] are two randomly generated vectors calculated from Eqs 17, 18, [image: image] and [image: image] are a uniformly distributed random number generated randomly between (0, 1). [image: image], [image: image] can control the weight of the follower moving to the pathfinder and the neighboring individuals in the population. [image: image] is the vibrancy vector, and its calculation can be obtained from Eq. 19, [image: image] is the distance between the i-th and the j-th position in population.
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The pathfinder updating position is obtained from Eq. 20
[image: image]
where [image: image] represents the position of the i+1 generation pathfinder, [image: image] is the location of the i-th pathfinder. [image: image] is the location of the i-1 generation pathfinder, i represents the number of current iterations, [image: image] represents a random number in a uniform distribution at [0,1]. [image: image] is obtained from Eq. 21.
[image: image]
where [image: image] represents the maximum iteration number, [image: image] is a random number evenly distributed within the range of [-1,1]. The pseudo-code of pathfinder algorithm is in Algorithm 1.
Algorithm 1. Pseudo-code of the Pathfinder algorithm.[image: FX 1]
5 PROPOSED QUANTUM CODE PATHFINDER ALGORITHM
A quantum coding method is proposed by Li et al. (Shiyong, 2007), this paper adopts the quantum coding method proposed by Li et al. The probability amplitude of qubit is used to encode the position vector of individual population in QPFA, quantum revolving gate updates the quantum bit rotation angle. In order to avoid premature convergence of PFA, quantum not gate is added into the algorithm as mutation behavior.
5.1 Quantum Theory
Since the concept of quantum mechanical systems was introduced, researchers in many fields have devoted themselves to the study of quantum mechanics (Benioff, 1982). Quantum physics is the theoretical root of quantum computing, and Schrödinger’s equation (SE) describes the intrinsic dynamics of quantum computing (Grover, 2001).
5.2 Qubit and Quantum Superposition
The smallest unit of information storage is called a qubit in quantum theory, qubits are the basic storage unit in quantum computing, and the Dirac symbol [image: image] is used to represent qubits. A qubit can have state [image: image] and state [image: image] or the linear combination of state [image: image] and state [image: image] (Shiyong, 2007), (Dey et al., 2014). The linear combination of state [image: image] and state [image: image] referred to as quantum superposition, this superposition is described by the wave function [image: image] in Hilbert space. The wave function is described as:
[image: image]
where [image: image] and [image: image] are called the probability amplitude of the quantum state, [image: image] and [image: image] represents for when measuring a qubit, wave function [image: image] collapse to [image: image] with a probability [image: image], collapse to [image: image] with a probability [image: image]. [image: image] and [image: image] satisfy the constraint of Eq. 23.
[image: image]
According to Eq. 23, use the coding method of Li et al. (Shiyong, 2007), [image: image], [image: image] is the rotation angle of a qubit.
5.3 Initial Population
When the population is initialized, the probability amplitude of qubit is directly used as the position vector of the individual in PFA algorithm, the individual population can be initialized as:
[image: image]
where n = 1,2,…,D represents the dimensions of the problem, m = 1,2, … , N represents the population number of individuals in PFA, [image: image] is the rotation angle of qubits, [image: image] is initialed by Eq. 25.
[image: image]
Each individual in the QPFA corresponds to two positions in the problem space, they are calculated from the probability amplitude of qubits respectively, [image: image] is calculated by the probability amplitude of quantum bit [image: image], [image: image] is calculated by the probability amplitude of quantum bit [image: image].
[image: image]
5.4 Solution Space Mapping
In QPFA, the search traversal space of the population individual is [−1,1] in every dimension. Since the form of qubit is used to represent the individual population in PFA, it is necessary to map the qubit to the optimization problem interval, the quantum bit’s probability [image: image] and [image: image] correspond to the two solutions of optimization problem. The mapping process is accomplished through Eqs 27, 28.
[image: image]
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where [image: image] and [image: image] are calculated from the probabilities of qubits [image: image] and [image: image], respectively. Each qubit map to two positions in the solution space.
5.5 Individual Updates
In order to make use of the pathfinder search optimization algorithm to update rotation angle, the displacement difference of updating population individuals in the pathfinder search optimization algorithm is used to rewrite Eqs 16–30. In QPFA, the movement of individual population is carried out through the quantum revolving door, and the position update of individual population in PFA is transformed into the probability amplitude update of individual population qubit in QPFA.
5.5.1 Update of Qubit Angle on Individual

[image: image]
[image: image]
where t represents the current iteration, [image: image] represents the difference of the probability amplitude vector between the current pathfinder’s position and the previous pathfinder’s position. [image: image] represents the probability amplitude vector difference between the position of the current follower and the position of an adjacent follower. [image: image] represents the probability amplitude vector difference between the current follower position and the pathfinder position. [image: image], [image: image] and [image: image] can be calculated as follows:
[image: image]
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where [image: image] represents the angle of pathfinder individual in n-th dimension. [image: image] represents the angle of the follower individual in n-th dimension.
5.5.2 Update of Qubit Probability Amplitude of Individual
In the quantum optimization algorithm, the quantum revolving gate is used to update the probability amplitude of the qubit. The quantum revolving gate is set as Eq. 34, and the updating of the probability amplitude of the qubit is realized by Eq. 35.
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where [image: image] and [image: image] represents the probability amplitude before and after the update. [image: image] and [image: image] represents the rotation angle before and after the update. Through the Eq. 35, [image: image] can be calculated as Eq. 36. According to the trigonometric transformation formula Eq. 36 can be rewritten as Eq. 37.
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when the update is complete, two new locations for the individual will be created:
[image: image]
5.6 Mutation of Behavior
In PFA algorithm, pathfinder has a great influence on the follower. In the middle and late stage of algorithm execution, the follower will closely follow the pathfinder to search, which will increase the probability of the algorithm falling into the local optimal solution. Although quantum coding improves the diversity of the population, it is still possible to fall into the local optimal solution. In order to better jump out when the population falls into the local optimal solution, a quantum not gate is added to mutate the population qubit. Mutation behavior is carried out through quantum not gates, quantum not gates are described by Eq. 39. The mutation operation is described by Eq. 40.
[image: image]
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5.7 Quantum Coding Pathfinder Algorithm Pseudo Code
The pseudo-code of the Quantum Pathfinder algorithm as in Algorithm 2.
Algorithm 2. Pseudo-code of the Quantum Pathfinder algorithm.[image: FX 2]
6 RESULTS AND DISCUSSION
In this section, QPFA is applied to extract unknown parameters of three types of fuel cells, which are respectively NedStackPS6, BCS 500 and 250W FC. The objective function is to minimize the sum of squares of the difference between real data and simulation data, which can be obtained by Eq. 15. The simulations were performed on the MATLAB 2016b platform and run on a CPU Core i5-7100 v5 (3.80 GHz) with 16 GB RAM. The specific process of extracting fuel cell location parameters using QPFA algorithm is shown in Figure 2. Three types of fuel cell parameters, specific operating environments, and data sets are obtained in the Ref (Li et al., 2020a), the upper and lower bounds of the extracted unknown parameters are listed in Table 1.
[image: Figure 2]FIGURE 2 | Extracting PEMFC parameter flow chart using QPFA.
In order to better test the ability of QPFA to extract unknown parameters of fuel cells, it is compared with six other excellent meta-heuristic algorithms with the strong optimization ability, which are PFA (Yapici and Cetinkaya, 2019), JAYA (Rao, 2016), WOA (Mirjalili and Lewis, 2016), SCA (Mirjalili, 2016), PSO (Kennedy and Eberhart, 1995), GWO (Mirjalili et al., 2014), and SMA (Li et al., 2020b). Finally, the experimental results were compared with the recently published literature. Due to the execution characteristics of the metaheuristic algorithm, the results of each run are different. In order to better test the optimizing ability of the algorithm, the results of 30 runs are considered in the experimental verification. The population, number of all metaheuristic algorithms [image: image] = 30 and the number of iterations [image: image] = 1000. The specific parameter values of each metaheuristic algorithm are consistent with the settings of the original algorithm.
6.1 Case1: NedStackPS6
The technical parameters of NedStackPS6 are shown in the Table 2. According to the parameter extraction method as mentioned earlier, the parameter value of PEMFC obtained at the optimized minimum objective function will be the parameter to be extracted. Therefore, the performance of the optimization algorithm extracting PEMFC parameters can be judged by comparing the value of the objective function. After 30 runs, the experimental results obtained by QPFA and seven powerful optimization algorithms are shown in Table 3. Table 3 lists the minimum objective function value ([image: image]), average objective function value ([image: image]), worst objective function value ([image: image]), variance value ([image: image]), and best PEMFC parameters value obtained by the optimization algorithm used in the experiment after 30 runs. As can be seen from Table 3, QPFA has achieved the best average value, the best value and the worst value. QPFA ranks the first among the eight algorithms. The box plot of the 30 running results is shown in Figure 3A, which shows that QPFA has good stability. In order to intuitively see the convergence speed performance of the algorithm, the average convergence curve of 30 running results is drawn in Figure 3B. It can be seen that QPFA’s convergence speed is very fast, and its convergence curve is always at the bottom of the convergence curve of other algorithms, and finally achieves the best average objective function value in 1000 generations.
TABLE 2 | Specific parameters of the three PEMFCS.
[image: Table 2]TABLE 3 | SSE value obtained experimentally in Case1.
[image: Table 3][image: Figure 3]FIGURE 3 | Box plot and convergence curve in case 1. (A) Box plot in case 1. (B) Convergence curve in case 1
Table 4 shows each real data point and the simulated data point values calculated by the parameters extracted from QPFA, and the square of the difference between them (SSE) is also listed. PEMFC’s I-V curve and I-P curve obtained by QPFA is shown in the Figures 4A,B and . It can be seen from the simulated data curve and real discrete data points that the simulated data curve calculated by the parameter values given by QPFA fit the real discrete data points curve well. However, there are still some errors. In the activation and start-up stage of fuel cell, SSE reaches the maximum error: 5.12394215E-01, which may be because the output voltage PEMFC drops steeply and a lot of electrochemical reaction takes place in the initial stage. With the continuous output voltage of PEMFC, in the ohm region with linear voltage attenuation, their errors gradually decrease, and the minimum SSE value reaches 1.83896332E-04. In the third stage of PEMFC, concentration losses, SSE fluctuated with the increase of currency, but it was still within the acceptable range. In general, the NedstackPS6 parameter value extracted by QPFA well simulates the current-voltage polarization curve of NedstackPS6, and the error value is within an acceptable range. Based on the modeling PEMFC parameters extracted from QPFA, numerical simulation was carried out [image: image]= 1/1bar, 2/1.5 bar, 3/1.5 bar and 3/2 bar. The experimental results are consistent with the actual situation that the higher the pressure, the higher the output voltage of the battery stack. The I-V curve and I-P curve of the battery stack is shown in the Figures 4C,D. In order to better detect the optimization performance of QPFA, the Friedman test statistical analysis was conducted on the results of 30 times of optimization. As shown in the Figure 5, QPFA ranked first with the lowest rank value 1.35, proving that the optimum performance of QPFA ranked first. Table 5 lists parameters extracted by QPFA and parameters in recent published literature, comparing the SSE values obtained after optimization with the published literature in recent years, QPFA get a better result than these powerful optimizers.
TABLE 4 | Comparison of real data and simulated data in Case 1.
[image: Table 4][image: Figure 4]FIGURE 4 | Electrical characteristics of parameters extracted by QPFA on Case 1. (A) I-V curve in case 1 (B) I-P curve in case 1 (C) I-V curve of different pressures (D) I-P curve of different pressures.
[image: Figure 5]FIGURE 5 | Friedman test on Case 1.
TABLE 5 | Compare the QPFA on case 1 with the reference paper.
[image: Table 5]6.2 Case2: BCS 500W
A named BCS 500W fuel cell is used in this case to extract parameters, Table 2 lists the specific parameters of this model. After 30 runs, the experimental results obtained by QPFA and seven powerful optimization algorithms are shown in Table 6, this table shows the fitness values obtained by each algorithm and lists the parameter values corresponding to the best fitness values, QPFA has achieved the best average value, the best value and the worst value. The box plot of the 30 running results is shown in the Figure 6A, which shows that QPFA has better stability than other algorithms. The average convergence curve of 30 running results is drawn in Figure 6B. It can be seen that QPFA’s convergence speed is very fast, and it converges to the minimum mean fitness at the end of the iteration.
TABLE 6 | SSE value obtained experimentally on Case2.
[image: Table 6][image: Figure 6]FIGURE 6 | Box plot and convergence curve in Case 2. (A) Box plot in Case 2 (B) Convergence curve in Case 2.
Table 7 shows each real data point and the simulated data point values calculated by the parameters extracted from QPFA, and the square of the difference between them (SSE) is listed. PEMFC’s polarization curve obtained by QPFA is shown in Figure 7A, PEMFC’s I-P curve is also shown in Figure 7B. In order to better verify the correctness of PEMFC parameters extracted by QPFA, numerical simulation of the model was carried out under the condition of [image: image] = 1/0.2075bar, 1.5/1bar, 2/1.25bar and 2.5/1.5 bar. I-V and I-P curves under different conditions are shown in Figures 7C,D. The results show that increasing the pressure of hydrogen and oxygen increases the output voltage and power of the battery stack. BCS500W models at different temperatures were also studied, I-V and I-P curves are shown in Figures 7E,F. The results show that improving the temperatures of battery stack can improve the output voltage and output power, which is consistent with the actual situation.
TABLE 7 | Comparison of real data and simulated data in Case 2.
[image: Table 7][image: Figure 7]FIGURE 7 | Electrical characteristics of parameters extracted by QPFA on Case 2 (A). I-V curve in Case 2 (B). I-P curve in Case 2 (C). I-V curve of different pressures (D). I-P curve of different pressures (E). I-V curve of different temperatures (F). I-P curve of different temperatures.
The Friedman test statistical analysis was conducted on the results of 30 times of optimization. As shown in Figure 8, QPFA ranked first with the lowest rank value 1.00, proving that the optimization performance of QPFA ranked first. Table.8 lists parameters extracted by QPFA and parameters in recent published literature, comparing the SSE values obtained after optimization with the published literature in recent years, QPFA get a better result than these powerful optimizers.
[image: Figure 8]FIGURE 8 | Friedman test on case 2.
TABLE 8 | Compare the QPFA on case 2 with the reference paper.
[image: Table 8]6.3 Case3: 250W PEMFC
In order to better prove the excellent performance of QPFA in extracting PEMFC parameters, QPFA and other algorithms have been applied for extracting the model parameters of the 250W stack. The fitness function values after 30 runs are listed in Table 9, and the optimal parameter values found by each meta-heuristic algorithm are also given. After 30 times of running QPFA to extract the optimization problem of PEMFC parameters, QPFA obtained the minimum fitness function value, indicating that QPFA extracted the optimal PEMFC parameters. Figure 9A is the variance diagram of parameter extraction of 250W PEMFC. It can be seen that QPFA has very small variance and excellent stability. Figure 9B is the algorithms convergence diagram in the 250W PEMFC parameter extraction experiment. It can be seen that QPFA ranked first in the convergence speed at the beginning of iteration. As the algorithm continues to iterate, QPFA continues to search and optimize, and finally obtains the minimum average fitness function value at the end of iteration. Table. 10 lists the real values of 250W and the values obtained by numerical simulation after parameters were extracted from QPFA to establish the model. SSE is also calculated point by point in Table.10. Figures 10A,B are I-V and I-P curves drawn by the parameters obtained by QPFA. Experimental results at different pressures and temperatures are shown in Figures 10C–F, the results show that increasing pressure and temperature can result in higher voltage and higher power output of the battery stack. The Friedman test statistical analysis was conducted on the results of 30 times of optimization. As shown in Figure 11, QPFA ranked first with the lowest rank value 1.35. Table.11 lists parameters extracted by QPFA and parameters in recent published literature, comparing the SSE values obtained after optimization with the published literature in recent years, QPFA get a better result than these powerful optimizers.
TABLE 9 | SSE value obtained experimentally on case3.
[image: Table 9][image: Figure 9]FIGURE 9 | Box plot and convergence curve in Case 3. (A) Box plot in Case 3 (B) Convergence curve in Case 3.
TABLE 10 | Comparison of real data and simulated data in Case 3.
[image: Table 10][image: Figure 10]FIGURE 10 | Electrical characteristics of parameters extracted by QPFA on Case 3 (A). I-V curve in Case 3 (B). I-P curve in Case 3 (C). I-V curve of different pressures (D). I-P curve of different pressures (E). I-V curve of different temperatures (F). I-P curve of different temperatures.
[image: Figure 11]FIGURE 11 | Friedman test on case 3.
TABLE 11 | Compare the QPFA on case 3 with the reference paper.
[image: Table 11]7 CONCLUSION AND FUTURE WORK
In this paper, a new quantum coding pathfinder optimization algorithm is proposed, which uses probability angles to represent individuals and probability magnitudes to represent the probabilities of 1 and 0 in quantum computing, and maps them to the solution space of the optimization problem through mapping relations. The characteristics of quantum computing make one individual in QPFA correspond to two individuals in the solution space, which increases the population diversity and improves the exploration ability of PFA. Quantum revolving gate and pathfinder update strategies are used for iterative updates of probability angles, and quantum non-gates help QPFA to jump out of local optimal solutions. QPFA is applied to the determination of PEMFC location parameters, and three commercial types of PEMFC are studied. QPFA achieves the best results for all three PEMFC model parameter extraction, and the Friedman test also shows that the performance of QPFA ranks the first among all algorithms. The results obtained from QPFA search optimization were compared with those from published literature, and the results obtained by QPFA have higher stability and accuracy values. Various implementations of the group pathfinder algorithm will be considered in the future and applied to more types of PEMFC parameter extraction problems.
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*Bold numbers represent the best results.
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