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This paper aims to combine grey correlation analysis and response surface method to propose a fast and effective performance optimization method for PEMFC. First, based on orthogonal test data, grey correlation analysis method is used to select four variables that have significant influence on PEMFC’s comprehensive performance from eight common parameters. Secondly, based on grey correlation analysis, the multi-objective optimization problem is transformed into a single objective optimization problem about correlation degree, and applying the response surface method to build the key parameters and the correlation between the second order prediction model. Therefore, the current density, system efficiency and oxygen distribution uniformity on cathode catalyst layer of PEMFC were optimized as a whole. Finally, the optimal parameter combination was obtained by optimizing the prediction model. The simulation results show that the optimized operating conditions are significantly improved in the three performance indexes compared with the basic model, which confirms the feasibility of this method in solving the multi-objective optimization problem, and can provide some reference for the optimal design of hydrogen fuel cells.
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1 INTRODUCTION
Due to the growing demand for energy, the consumption of fossil fuels and the total amount of CO2 emissions are rising rapidly, and “clean, low-carbon, safe and efficient” energy reform has become the general trend (Yang et al., 2023). Fuel cell is a device that directly converts chemical energy in fuel into electrical energy through electrochemical reaction without combustion, which has the advantages of high energy conversion efficiency, no pollution and no noise compared with traditional internal combustion engine, etc. Proton exchange membrane fuel cell (PEMFC) has become one of the hot spots of research in the energy field because of its advantages of low operating temperature, fast starting and high specific power (Kurnia et al., 2019). Many researchers are committed to promoting the development of hydrogen fuel cell technology from the aspects of improving performance, extending life and reducing cost (Parekh, 2022). Performance optimization has always been an important work to promote the development of fuel cells. However, the performance and stability of fuel cells are closely related to various operating parameters. Improper working conditions will seriously affect the output performance of the cell and even cause irreversible degradation inside the cell, thus greatly shortening the cell life. Therefore, it is important to study the influence of operating parameters on cell performance and determine the optimal combination of parameters for efficient and long-life operation of PEMFC.
So far, this has been studied by a number of scholars and some results have been obtained. Dehsara et al. showed that increasing the operating pressure and temperature can improve the net transport of reactants through the porous layer to the catalyst layer (CL) and improve the performance of the proton exchange membrane (Dehsara & Kermani, 2013). Lu et al. divided the pressure increase into the contribution of increasing the partial pressure of reactants and the contribution of increasing the water content of the membrane, further revealing that the improvement of cell performance is mainly due to the increase in membrane conductivity rather than enhancing the partial pressure of the reactants (Lu et al., 2019). Hasheminasab et al. pointed out that increasing the anode stoichiometric would reduce the water content of the cathode channel and the cell performance, and increase the sensitivity of generating power to changes in other operating parameters. However, increasing the cathode stoichiometric and temperature would reduce the water content in the cathode channel and increase the cell power. The sensitivity of cell power to changes in other operating parameters is reduced (Hasheminasab et al., 2020). Zhang et al. indicated that adjusting the relative humidity (RH) is an important way to influence the water management of fuel cells, and that the cells have better overall and local response current density and spatial performance uniformity when the relative humidity is 70% (Zhang et al., 2016). Xu et al. noted that the cell output performance is worst at 90°C with both cathode and anode RH at 90%. Under the condition of high current density, the lower the RH value is, the better the operation performance is, and the influence of the change of cathode RH on the cell output performance is better than that of anode RH (Xu et al., 2021). Xia et al. noted that increasing GDL porosity improves performance by increasing flow uniformity and diffusion flux, but effective electron conductivity decreases with increasing porosity. Since the cell performance depends on the combination of these three factors, the final current density will decrease with further increase in porosity (Lingchao Xia & 2021). Abraham et al. improved the cell performance by 12.5% by optimizing GDL porosity and CL porosity, as cells with optimized porosity increase the membrane water content and promote the diffusion of reactants, ultimately leading to higher current densities (Abraham B & Murugavel K, 2021).
Uneven distribution of reaction gases can lead to uneven current density and temperature distribution, which can reduce the overall cell performance and even cause local reaction gas starvation, thus enhancing carbon corrosion and loss of Pt catalyst layer. Current research on the uniformity of fuel cell reactant distribution focuses on the effects of different flow field structures and current densities. Sauermoser et al. summarized and reviewed many studies in recent years to improve the uniformity of gas distribution in the catalytic layer and the uniformity within GDL by optimizing the flow field structure (Sauermoser et al., 2020). Chen et al. designed a stepped flow field. Compared with the ordinary parallel flow field, the stepped flow field can improve the uniformity of gas concentration and current density distribution, alleviate the water flooding phenomenon, and increase the net power by 21.5% (Chen et al., 2021). Zhang et al. the degradation mechanism and mitigation measures of vehicle fuel cells under the condition of frequent start-stop are reviewed. It is concluded that the local gas starvation caused by the uneven distribution of reactive gas is one of the important reasons for the start-stop degradation of fuel cells (Zhang et al., 2018). Lim et al. summarized and reviewed the influence of flow field design on water management and reactant distribution. They pointed out that the uniform distribution of reaction gas is one of the main criteria for improving performance. In addition to the design of fuel cell pack, operating conditions such as flow rate, pressure, temperature and humidity also affect the distribution of reactants (Lim et al., 2016). Cheng et al. proposed the mass fraction difference coefficient as a uniformity evaluation index, and pointed out that hydrogen humidification has a hydrogen distribution significantly and it is appropriate to control at 25%–50%, while air humidification has less effect on oxygen distribution (Cheng et al., 2021). Zhang et al. found that the concentration distribution of anode gas tends to be more uniform than that of cathode gas, and the concentration gradually increases with the increase of channel distance with a maximum error of 15.6% (Yong et al., 2022). Therefore, it is important to improve the uniform distribution of the cathode reaction gas.
Sheila et al. used a weighting method to optimize the fuel cell system efficiency and size trade-off (Ang et al., 2010). Mehrdad et al. optimized the cell voltage and power density by response surface methodology (RSM) combined with non-dominated sorting genetic algorithm (NSGA ii) using operational parameters as design variables (Ghasabehi et al., 2021). Zeng et al. with flow power consumption and output power as optimization objectives, genetic algorithm (GA) was used to optimize the width of the bottom and top sides of the flow channel, and the optimal structure was trapezoidal channel (Zeng et al., 2017). Liu et al. based on the neural network proxy model and non-dominated sorting genetic algorithm (NSGA ii), the porosity of the catalytic layer (CL), the electrolyte volume fraction (CL) and the gas diffusion layer (GDL) were optimized to improve the output power density and reduce the electrolyte volume fraction (Liu et al., 2022). Liu et al. used a multi-objective genetic algorithm to optimize both the operating conditions and the channel structure of the cell, and the results showed that the optimal channel shape under optimal operating conditions was conical (Liu et al., 2017).
According to the review of previous studies, it is not found that the combination of gray correlation analysis and response surface method to achieve multi-objective optimization of PEMFC, and there is little consideration of the uniformity of reaction gas distribution in performance optimization, and almost no research on the effect of operating parameters on reaction gas distribution. Many scholars often only consider the improvement of current density or power density when performing performance optimization, without considering the influence of gas distribution. However, the uniformity of reaction gas distribution has an important impact on the improvement of cell performance and life, so it is not advisable to improve the output power by losing other performance indicators.
In view of the above deficiencies, this paper first established a three-dimensional CFD model of PEMFC with three-channel serpentine flow fields as the basic optimization model. Secondly, according to a lot of literature reading, eight common influence parameters were selected as the initial decision variables, among which six operating parameters and two diffusion layer structure parameters were included. Several parameters which have great influence on the call comprehensive performance were selected by grey correlation analysis for subsequent optimization. Then the Box-Benhnken design (BBD) is used to design a simulation scheme for the key parameters. Based on the gray correlation theory, the multi-objective optimization about the cell performance is transformed into a single-objective gray correlation degree optimization problem, and the response surface method is applied to construct a second-order regression model between the key parameters and the gray correlation degree. Finally, the optimal parameter combination is obtained by seeking the solution that satisfies the maximum gray correlation degree, and the feasibility of the optimization results is verified by simulation.
2 PEMFC MODEL DEVELOPMENT
2.1 Model description and assumptions
In this paper, a three-dimensional geometric model of PEMFC was established based on solidworks, as shown in Figure 1. The PEMFC consists of nine parts: anode and cathode collectors, flow channels, gas diffusion layers (GDLs), catalyst layers (CLs) and proton exchange membrane. The flow field type is three-channel serpentine, and the specific geometric parameters of this model are shown in Table 1.
[image: Figure 1]FIGURE 1 | Geometric model of PEMFC.
TABLE 1 | Main geometric parameters of PEMFC model.
[image: Table 1]Due to the complexity of the actual operating process of PEMFC. On the premise of fully describing the main reaction process of PEMFC, several assumptions were made in the numerical simulations in order to simplify the model and calculations as follows (Li et al., 2017; Chen et al., 2019; Liu et al., 2022; Yao et al., 2022).
1) PEMFC operation state is steady state;
2) The initial temperature of the fuel cell is constant, and the thermal effect caused by the temperature gradient is not considered;
3) The reactant gases are ideal and incompressible, and the gas flow in the flow channel is laminar;
4) The gas diffusion layers, catalyst layers and membrane are homogeneous models with isotropic porous media;
5) Only protons can permeate the proton exchange membrane, but not the reaction gases.
2.2 Governing equations
2.2.1 Mass conservation equation

[image: image]
[image: image], [image: image], [image: image], [image: image] are density, porosity, velocity vector, the mass source term in that order. For both cathode and anode flow channels and GDLs, [image: image] is 0. The mass source term for the anode and cathode CLs can be expressed as follows:
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Where M and F represent molar mass and Faraday’s constant, respectively, [image: image] and [image: image] represent the exchange current density of the anode and cathode, respectively, which can be calculated by Eqs 10, 11.
2.2.2 Momentum conservation equation
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[image: image], [image: image], [image: image] are pressure, viscosity, and the momentum source term, respectively. Assuming that the source term in the flow channels and membrane is zero, the momentum equation in the porous electrode can be expressed as follows:
[image: image]
Where K is the absolute permeability.
2.2.3 Energy conservation equation
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[image: image], [image: image], [image: image] are the specific heat capacity at constant pressure, effective thermal conductivity and temperature, respectively. [image: image] is the energy source term, including ohmic heat, chemical reaction heat, gas-liquid phase transition heat and heat generated by over-potential. It can be expressed as follows:
[image: image]
Where [image: image] is current, [image: image] is resistance, [image: image] is the ratio of chemical energy to heat energy, [image: image] is liquid water generation rate, [image: image] is the enthalpy of the reaction, [image: image] is the phase transition rate of water, [image: image] is the enthalpy of the phase transition of water, [image: image] is the overpotential.
2.2.4 Species conservation equation

[image: image]
[image: image] are concentration, the effective diffusion coefficient and the species source term, respectively, and the subscript k represents each species. The species source term is 0 in the flow channels and GDLs, and the source term of hydrogen, oxygen and water in the CLs can be expressed as: [image: image], [image: image], [image: image].
2.2.5 Current conservation equation
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[image: image] and [image: image] are the solid phase potential and the membrane phase potential, respectively, [image: image] and [image: image] are the electron current source term and the proton current source term, respectively, and [image: image] + [image: image] = 0, [image: image] is conductivity.
The Butler-Volmer equations of anode and cathode in the CLs can be respectively expressed as follows:
[image: image]
[image: image]
Where [image: image] is overpotential, [image: image] is the reference exchange current density, [image: image] is the molar concentration of species, [image: image] is the reference molar concentration of species, [image: image] is the concentration index, [image: image] is the exchange coefficient.
2.3 Model verification
2.3.1 Grid independence test
Grid independence test can check whether the simulation results will be affected by the number of grids, so as to determine the appropriate number of grids. This paper uses the grid division software ICEM to divide the PEMFC model with four different numbers of grids, and then the four models are simulated and calculated under the same boundary conditions. The error between simulation results and experimental results is shown in Figure 2. When the number of grids is 3,470,688 and 5,958,942, the error is 2.4% and below. Considering the time cost and simulation accuracy, 3,470,688 mesh quantities are selected, and the whole calculation domain is shown in Figure 3.
[image: Figure 2]FIGURE 2 | Simulation accuracy of different mesh numbers.
[image: Figure 3]FIGURE 3 | (A) Diagram of the overall computing domain (B) Partial diagram of the entrance.
2.3.2 Experimental verification
The mesh file of the PEMFC model is imported into ANYSY FLUENT 2020R2 and the add-on PEMFC module is called to solve the model. The relevant parameters in the model were set as shown in Table 2. The type of inlet boundary was mass-flow inlet, and the type of outlet boundary was pressure-out. The inlet mass flow rate was calculated according to the anode and cathode stoichiometric ratio of 2, relative humidity of 100%, temperature of 80 °C and operating pressure of 1atm.The output current density under different working voltages was calculated under constant voltage. The structure and numerical simulation conditions of the PEMFC used in this paper are basically consistent with the experimental conditions of Li et al. (Li et al., 2017), so the model in this paper is verified by the experimental data of Li et al. The comparison between simulation results and experimental results is shown in Figure 4. At low to medium current densities, the numerical calculation results agree well with the experimental data. When the current density increases to 0.9A/cm2, the simulation results begin to deviate from the experimental results. And the simulation results are always slightly larger than the experimental results. This is because this paper uses a single-phase model for numerical simulation, and the generated water exists in gaseous form by default. In fact, when the current density is larger, the liquid water tends to accumulate in the flow channel, and the liquid water tends to block the pores in the gas diffusion layer and catalyst layer, thus hindering oxygen transport and eventually leading to performance degradation at high current densities. Overall, the numerical simulations are consistent with the trend of experimental results, and the PEMFC model used can be considered effective.
TABLE 2 | Parameter Settings of PEMFC numerical model.
[image: Table 2][image: Figure 4]FIGURE 4 | Polarization curves of model simulation and experimental data.
3 RESEARCH METHOD
3.1 Analysis of significance
In previous parametric optimization studies, people usually select three to six optimization parameters based on experience, without stating the reasons for the selection, so it is somewhat subjective. In this study, we use gray correlation analysis to analyze the significance of the variables before optimization, and select the variables that have a greater impact on the optimization target, which not only can improve the optimization efficiency, but also can get more accurate results.
Gray correlation analysis, a systematic scientific theory first proposed by Jurong Deng in 1982, is feasible for analyzing the degree of influence of multiple variable factors on a specific quality indicator by analyzing the degree of similarity between the geometry of the reference sequence and the comparative sequence to determine the closeness of the association (Yin et al., 2015). Since the units and ranges of each series are different, the original data need to be normalized by dimensionless preprocessing before performing gray correlation analysis. The normalization process can be performed with the following two equations depending on the type of quality characteristics (Lian et al., 2022). If the actual data series has the quality characteristic of “bigger is better”, then equation (13) is used for preprocessing. If the actual data series has the quality characteristic of “smaller is better”, then equation (14) is used for preprocessing (Xu et al., 2020).
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Where [image: image] is the actual data, [image: image] is the minimum value in the ith series, [image: image] is the maximum value in the ith series, and [image: image] is the pre-processed comparison sequence, where k = 1, 2, 3 … … 27; [image: image] = 1, 2, 3.
After normalizing the test results, the gray correlation coefficient ξ corresponding to each comparison sequence and the reference sequence (all response reference sequence are 1) can be calculated by (Eq. 15).
[image: image]
Where [image: image] is the resolution coefficient, [image: image], which is generally taken as 0.5, [image: image] is the reference sequence, [image: image] is the deviation sequence, [image: image], [image: image] is the minimum deviation, and [image: image] is the maximum deviation.
The gray correlation degree is a weighted sum of gray correlation coefficients, which can be calculated by (Eq. 16), and here the weight of all three indicators is considered to be 0.3333.
[image: image]
Where [image: image] is the weight, [image: image], and [image: image] is the number of response targets, [image: image] = 3.
Eight common operating parameters and gas diffusion layer structure parameters, namely, temperature, pressure, anode and cathode stoichiometry, anode and cathode relative humidity, anode and cathode gas diffusion layer porosity, were selected for significance analysis to investigate the extent of their effects on three performance indexes, namely, current density, oxygen distribution uniformity and system efficiency of the PEMFC. In order to reduce the calculation time and improve the calculation efficiency, eight factor and three level tests were designed based on the orthogonal design method. The setting of factor levels was shown in Table 3. The three levels of these eight parameters were selected based on the general range and experience of PEMFC parameters (Öztürk et al., 2017; Abraham B & Murugavel K, 2021), and the specific test arrangement is shown in Table 4.
TABLE 3 | Parameter settings of orthogonal test.
[image: Table 3]TABLE 4 | L27 (38) Orthogonal test table.
[image: Table 4]3.2 Multi-objective optimization method
Response surface method is a mathematical statistical method commonly used to solve multivariate problems, which can construct a functional relationship between the target and the variables based on the existing measured data, and further solving can obtain the best combination of parameters to satisfy the conditions. Before response surface analysis, the central combination design or BBD method is usually used to design the simulation cases and simulate to get certain data. In this paper, we use BBD method to design simulation cases as shown in Table 7. This method not only can avoid extreme conditions at the test point, but also can perform continuous analysis of the test at all levels. According to the results of significance analysis, the four key influencing parameters of cathode and anode stoichiometry, pressure and cathode relative humidity are used as independent variables, and the optimization objectives are current density, system efficiency and oxygen distribution uniformity. Current density could be directly obtained through simulation calculation, the system efficiency can be calculated by the following formula:
[image: image]
Where [image: image] is the output power of PEMFC, [image: image] represents the parasitic power, and [image: image] is the inherent power of the fuel. They are expressed as follows:
[image: image]
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Where [image: image] is the power consumption of the compressor, and [image: image] is the other power losses. Some parameters in the above equations are assumed to be constant, but in practice they may vary with compressor size and full load ratio. However, this does not affect the optimization process and a similar approach has been used in other literature (Na & Gou, 2007; Li et al., 2021). The values of these constants can be found in the literature (Ang et al., 2010).
The oxygen distribution uniformity is expressed using the standard deviation of the molar concentration of oxygen at the interface between the cathodic gas diffusion layer and the catalyst layer, and its expression can be defined as (Chen et al., 2019):
[image: image]
Where [image: image] represents the oxygen Mole concentration value at each point on the catalyst layer.
The sub-objectives of multi-objective optimization problems are often contradictory to each other. It is impossible to make multiple sub-objectives reach the optimal value together at the same time, only coordination and compromise between them, and the optimization solution is not unique. If a final solution is to be sought. The relative importance degree of each objective, namely, the weight, can be decided in advance. Based on this, the algorithm converts the multi-objective problem into a single-objective problem for solving. For different practical applications, each objective has different weights. In this study, the three indicators are considered equally important. The multiple responses of current density, system efficiency and oxygen distribution uniformity are first transformed into a single objective gray correlation based on gray correlation analysis. Then a second-order prediction model between the Key influencing parameters and the gray correlation is constructed, and the final optimized solution is obtained by solving for the solution that satisfies the maximum gray correlation.
4 RESULTS AND DISCUSSION
4.1 Key influence parameter selection
The results of the three performance indexes are listed in Table 5 by simulating 27 different sets of working conditions in the orthogonal design. Then according to Eqs 13–16, the grey correlation analysis is carried out on the statistical results, and the grey correlation coefficient and correlation degree are calculated, as shown in Table 5.
TABLE 5 | Results of orthogonal test and grey correlation analysis.
[image: Table 5]According to the grey correlation analysis theory, the greater the grey correlation degree, the closer the corresponding target sequence is to the optimal (Guo et al., 2019). Figure 5 shows the average grey correlation degree of each parameter level. It can be seen from Figure 5 that the parameter combination with the maximum grey correlation degree, that is, the parameter combination close to the better cell performance, is:T = 70,p = 1, [image: image] = 1, [image: image] = 5,RHa = 30%,RHc = 60%, [image: image] = 0.5, [image: image] = 0.8. In addition, the range of the average grey correlation degree of the influencing parameters reflects the influence of the parameters on the multi-objective response. The larger the difference, the more significant the influence of the independent variable on the dependent variable (Wang & Li, 2021). It can be seen from Figure 5 that the comprehensive influence degree of eight influencing parameters on current density, oxygen distribution uniformity and system efficiency is ranked as: [image: image] (0.140,776)> P (0.06883) > [image: image] (0.04778)> RHc(0.03822)> RHa (0.03572)> [image: image] (0.0268)> T (0.02216)> [image: image] (0.01309). Therefore, in order to improve the optimization efficiency, four key parameters, [image: image], [image: image],P and RHc, which have a large impact on the comprehensive performance of the cell, are selected for the next optimization study. While the remaining four variables, which have a smaller impact, are fixed at a better level and kept constant:T = 70 °C, RHa = 30%, [image: image] = 0.5, [image: image] = 0.8.
[image: Figure 5]FIGURE 5 | Average grey correlation degree of each parameter level.
4.2 Optimization model building and verification
In this section, the optimization model between the key parameters and the response target is mainly combined with the gray correlation analysis method and the response surface method, and the model is validated. In order to reasonably select the test site, BBD was used to design the four-factor and three-level test arrangement, as shown in Table 6. According to the test arrangement, the three performance indicators were numerically simulated and calculated, and then the grey correlation degree was calculated by using the above grey correlation analysis method. The results were collected in Table 6. In order to obtain the optimal parameter combination, it is necessary to accurately construct the mapping relationship between the grey correlation degree and the key influencing parameters. Therefore, Design-expert software is applied to construct the second-order regression model between the response value of the grey correlation degree and the input variables by using the response surface method. The response function is shown in Eq. 25.
[image: image]
TABLE 6 | BBD test arrangement and grey correlation analysis results.
[image: Table 6]Applying the resulting regression model for data prediction, the results of comparing the experimental and predicted values of gray correlation degree are shown in Figure 6. As shown in the figure, the model predicted values and calculated values are in high agreement, and the average relative error is only 2.23%. Figure 7 is the residual diagram of the prediction model. All data points in the figure are randomly distributed around the 0 value, indicating that the predicted value has a good fit with the sample value. Meanwhile, the ANOVA results of the regression equation in Table 7 show that p < 0.0001, indicating that the prediction model is very significant. R-Sq indicates the fit between the established model and the experimental data, R-Sq of the established model is 96.7%, indicating that the prediction model fits the experimental data very well. R-Sq (adj) is the adjusted R-Sq. R-Sq (adj) = 94.23% is very close to R-Sq, indicating that the prediction model is very reliable. In summary, the regression model established based on gray correlation analysis has a good fitting goodness and predictive ability, and can be solved by the next step of parameter optimization.
[image: Figure 6]FIGURE 6 | Comparison of model predicted value and test value of grey correlation degree.
[image: Figure 7]FIGURE 7 | Residual diagram of grey relational degree model.
TABLE 7 | Results of variance analysis of regression model.
[image: Table 7]4.3 Optimization results and verification
The influence of key parameters on different targets is reflected by the change of grey correlation degree, so the overall optimization of different targets can be achieved by optimizing the grey correlation degree. The response surface optimizer in Design-expert software is used to optimize and solve the established second-order prediction model within the range of each parameter, and the optimal solution is λ = 0.773. The corresponding parameter combination is as follows: [image: image] = 1, [image: image] = 2.113, p = 1, RHc = 79%. The optimized operating conditions were numerically simulated and compared with the performance of the basic model. The comparison results are shown in Table 8. Compared with before the optimization, the current density increased by 3.8%, the system efficiency increased by 25.97%, and the standard deviation of oxygen concentration was almost unchanged.
TABLE 8 | Performance comparison between the optimization results and the base model.
[image: Table 8]The polarization curve comparison before and after optimization is shown in Figure 8 It can be clearly seen from the figure that the output current density of the optimized model is higher than that of the basic model in the whole voltage range. Performance improvement is more obvious under low pressure conditions, with better polarization performance. Under the condition of high current density, obvious concentration polarization appears in the basic model, but this phenomenon is not obvious in the optimized model, mainly because the optimized model has a higher concentration of reactants in the catalytic layer, resulting in less concentration polarization loss.
[image: Figure 8]FIGURE 8 | Comparison of polarization curves between the basic model and the optimized model.
Figure 9 shows the current flux nephogram of the cathode membrane interface before and after optimization. It can be seen from the figure that the optimized model has a higher current density. This in turn confirms the results of Figure 8. Figure 10 represents the cloud plot of oxygen distribution at the cathode GDL-CL interface of the two models. From the figure, it can be seen that the oxygen distribution uniformity of the optimized model is almost the same as that of the basic model, but the molar concentration of oxygen in the optimized model is higher than that of the basic model. This is mainly because the cathode inlet air stoichiometric increases, and more reactants are added to the cell. Moreover, the mass fraction of oxygen increases with the decrease of relative humidity, resulting in more oxygen being transported to the catalyst layer. Thus enabling the optimized model to generate more current, which is also consistent with Figure 9. On the basis of ensuring the uniformity of oxygen distribution on CL, increasing the molar concentration of oxygen can not only improve the output performance of the cell, but also alleviate the aging of PEMFC. The system efficiency increases because the anode stoichiometric decreases while the output power increases, which can be deduced from equations 17–23.
[image: Figure 9]FIGURE 9 | Current density distribution nephogram at the m-cl interface of cathode: (A) Basic model; (B) The optimization model.
[image: Figure 10]FIGURE 10 | Oxygen distribution nephogram at the gdl-cl interface of cathode (A) Basic model; (B) The optimization model.
5 CONCLUSION
In this paper, a multi-objective performance optimization design method of PEMFC based on gray correlation analysis and response surface method is proposed with current density, oxygen distribution uniformity and system efficiency as optimization objectives. Firstly, the parameters that have significant influence on the comprehensive objectives are selected as decision variables by using gray correlation analysis. Then the influence of key parameters on different objectives is reflected as a whole through the gray correlation degree by assigning weights. The second-order model between the key influence parameters and the gray correlation degree is constructed by applying the response surface method, so as to seek the optimal combination of parameters. The following conclusions are drawn.
1) The influence of the eight influencing parameters considered in this paper on the comprehensive performance of PEMFC is ranked as: [image: image] (0.140,776)> P (0.06883) > [image: image] (0.04778)> RHc(0.03822)> RHa (0.03572)> [image: image] (0.0268)> T (0.02216)> [image: image] (0.01309). Among them, anode and cathode stoichiometric, pressure and cathode relative humidity are the main parameters that affect the optimization objective. Selecting these four key parameters as control variables can reduce the space of optimization design.
2) The established gray correlation prediction model shows by ANOVA that its prediction accuracy is high and can better describe the response of the gray correlation degree on the design variables.
3) The optimal combination of operating parameters was obtained as: [image: image] = 1, [image: image] = 2.113,P = 1,RHc = 79%. The overall performance of the PEMFC was verified by numerical simulation to be much improved compared with that before optimization, in which the current density was improved by 3.8%, the system efficiency was improved by 25.97%, and the oxygen distribution uniformity remained basically the same.
4) The optimization method combining grey correlation analysis and response surface method can transform multi-objective optimization into single-objective optimization, and quickly find a suitable unique optimal solution. It can provide a better reference for the optimization of PEMFC parameters because the multi-objective optimization solution is unique and the overall performance is improved compared with previous studies.
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