

  processes-11-01529




processes-11-01529







Processes 2023, 11(5), 1529; doi:10.3390/pr11051529




Article



Study on the Optimal Double-Layer Electrode for a Non-Aqueous Vanadium-Iron Redox Flow Battery Using a Machine Learning Model Coupled with Genetic Algorithm



Qiang Ma 1,2[image: Orcid], Wenxuan Fu 2, Jinhua Xu 3, Zhiqiang Wang 1,* and Qian Xu 2,*[image: Orcid]





1



School of Mechanical and Vehicle Engineering, Nanchang Institute of Science and Technology, 998 Gezaoshan Road, Nanchang 330108, China






2



Institute for Energy Research, Jiangsu University, 301 Xuefu Road, Zhenjiang 212013, China






3



School of Advanced Manufacturing, Nanchang University, Nanchang 330031, China









*



Correspondence: zqwang89@163.com (Z.W.); xuqian@ujs.edu.cn (Q.X.)







Academic Editor: Antonio Bertei



Received: 9 April 2023 / Revised: 9 May 2023 / Accepted: 13 May 2023 / Published: 17 May 2023



Abstract

:

To boost the operational performance of a non-aqueous DES electrolyte-based vanadium-iron redox flow battery (RFB), our previous work proposed a double-layer porous electrode spliced by carbon paper and graphite felt. However, this electrode’s architecture still needs to be further optimized under different operational conditions. Hence, this paper proposes a multi-layer artificial neural network (ANN) model to predict the relationship between vanadium-iron RFB’s performance and double-layer electrode structural characteristics. A training dataset of ANN is generated by three-dimensional finite-element numerical simulations of the galvanostatic discharging process. In addition, a genetic algorithm (GA) is coupled to an ANN regression training process for optimizing the model parameters to elevate the accuracy of ANN prediction. The novelty of this work lies in this modified optimal method of a double-layer electrode for non-aqueous RFB driven by a machine learning (ML) model coupled with GA. The comparative result shows that the ML model reaches a satisfactory predictive accuracy, and the mean square error of this model is lower than other popular ML regression models. Based on the known region of operating conditions, the obtained results prove that this well-trained ML algorithm can be used to estimate whether a double-layer electrode should be applied to a non-aqueous vanadium-iron RFB and determine an appropriate thickness ratio for this double-layer electrode.
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1. Introduction


Renewable energy generation technology is replacing traditional fossil fuels partly to meet the global targets for carbon peaking and carbon neutrality. However, to address the grid destabilization caused by the intermittent nature of renewable energy, it still needs to develop appropriate energy storage technology to store or release power produced by grid-connected renewable sources [1]. Therein, as an electrochemical energy storage and conversion device, redox flow batteries (RFBs) have shown their particular advantages in the grid-scale energy storage system due to their flexible design of energy storage and power components, long charging/discharging cycle life and environmental friendliness [2]. Although an all-vanadium redox flow battery (VRFB) with an aqueous electrolyte has been applied in commercial energy storage engineering, the low energy density (ca. 15–25 Wh/L) [3] of the VRFB also limits its applied range. To further boost the energy storage density of RFB’s electrolyte, non-aqueous solvents were proposed to be applied in RFBs, due to the used non-aqueous solvents having the broader voltage window width and the higher species solubility, thus improving the theoretical energy storage density of RFB [4,5,6]. For the past few years, non-aqueous deep eutectic solvents (DESs), which are typical non-aqueous solvents, have been applied in several RFB systems [7]. The existing report [8] shows that the hydroquinone (H2BQ)-based RFB using a DES catholyte has an energy density of 114 Wh/L, and the energy density of aluminum-based RFB with DES can reach 189 Wh/L, which is 7.5 times that of VRFB. Nevertheless, high-viscosity DES would lead to large hydraulic resistance, and poor reaction kinetics activity also limits the energy efficiency and power density of DES electrolyte-based RFBs.



A porous carbon electrode is the core unit of an RFB device. Porous electrode architectures determine the electrolyte momentum transfer and ion mass transfer behaviors. The surface of the carbon electrode provides the active sites for electrochemical reactions. As a result, a desired electrode, including low transfer resistance, large reactive specific surface area, and high electrochemical reversibility [9,10,11], would substantially improve the performance of RFBs with an aqueous or non-aqueous electrolyte. During the charging/discharging operation process, the electrolyte flow rate, the ions mole concentration, and the reactive charge density have typical heterogeneous distribution characteristics inside the porous electrode structure. Moreover, there often exists a contradiction between reducing flow resistance and increasing reactive active sites for the design of electrodes. In order to improve the synergistic efficiencies of nonuniform coupled transfer and electrochemical reaction, gradient electrode architectures [12,13,14,15] were proposed to regulate the distribution uniformity of coupled transfer and electrochemical reaction [16] and make a trade-off between the transfer resistance loss and the reactive polarization loss at different sites within the electrode [17]. Recently, we reported a double-layer porous electrode spliced by carbon paper (CP), and graphite felt (GF) for a DES electrolyte-based vanadium-iron RFB [18]. Utilizing the thermal oxidation method that can decrease the activation polarization loss and improve the hydrophilicity of carbon electrodes (including CP and GF) [19], this composite electrode with a low-porosity CP electrode treated by thermal oxidation is assembled near the membrane side, which is adopted to promote the reaction kinetics and flow hydrophilicity in this region with high overpotential and low fluidity. Meanwhile, a high-porosity GF electrode deposited on copper nanoparticles is assembled near the flow field side as a supporting layer. This is expected to reduce the flow/ions/charge transfer resistance simultaneously. The experimental study shows that the peak power density of this double-layer porous electrode is 30.2% higher than that of a pristine GF electrode. Nonetheless, to guide the design of gradient/multi-layer electrode architectures (e.g., porosity distribution of gradient electrode, the thickness ratio of CP to GF of double-layer electrode), it is necessary to develop an accurate predictive model to reveal the relationship between the RFB’s performance and porous electrode structural characteristics.



Compared with the high economic cost and time-consuming experimental study, numerical simulation methods have become powerful tools for investigating the coupled transfer and electrochemical reaction behaviors of batteries [20]. However, considering the massive amount of operational conditions of an RFB and diverse gradient electrode architectures, numerical models cannot quickly screen a bulk of electrode architectures to address RFB design problems under the entire operational condition range [21]. Conversely, machine learning (ML) algorithms have been successfully applied to analyze the influence laws of performance for different battery types based on limited experimental or numerical cases as training data [22,23,24]. As a classic ML algorithm, it has been proved that the artificial neural network (ANN) algorithm could task the regression prediction of battery performance affected by the electrode structures efficiently and accurately [20,21,25]. However, the related published research lacked a reasonable ANN model to aid the optimal design of double-layer electrode architectures for non-aqueous RFBs.



Here, this paper proposes a multi-layer ANN coupled with a genetic algorithm (GA) to optimize the double-layer gradient electrode architectures for reducing the total power loss of a DES electrolyte-based vanadium-iron RFB during galvanostatic discharging. The training dataset of the ML algorithm is generated by three-dimensional finite-element numerical simulations. This validated, well-trained ML model can give the optimal thickness ratio of the double-layer electrode during the galvanostatic discharging of an RFB under different operational conditions.




2. Methods


2.1. Scheme of Machine Learning Model Coupled with Genetic Algorithm


Figure 1 illustrates this framework of ANN coupled with a genetic algorithm to optimize double-layer gradient electrode architectures. Firstly, a three-dimensional finite-element numerical model was established to simulate the operation performance of vanadium-iron RFB and generate a training dataset for ML applications. Then, a multi-layer ANN coupled with GA was used to carry out the regression training based on the acquired dataset, thus predicting the effects of RFB’s operating conditions and electrode architectural features on its performance represented by total power loss. Finally, combined with a well-trained prediction model, this study aims to clarify the optimized ratio of CP thickness to total electrode thickness under the different operating conditions of a DES electrolyte-based vanadium-iron RFB.




2.2. 3D Numerical Model of DES Electrolyte-Based Vanadium-Iron RFB


In our previous reports [26,27,28,29,30], we have tried to clarify the REV-scale and pore-scale reactive transfer behaviors of a DES electrolyte-based vanadium-iron RFB and revealed the influence laws of electrode architectures on this RFB’s performance. Based on these works, we established a 3D single-cell geometric model of vanadium-iron RFB, which includes the double-layer composite porous electrode, as shown in Figure 2a. It can be found that the GF electrode is assembled near the flow channel side, and the CP electrode is assembled near the membrane side. Notably, the thickness ratio of CP to GF is variable in this study, thereby seeking an optimized composite electrode architecture. The galvanostatic discharge of this DES electrolyte-based vanadium-iron RFB with different operating conditions and thickness ratios is simulated by the finite-element computing platform, i.e., the COMSOL Multiphysics® package. The electrochemical reactions occurring in positive and negative electrodes are described as follows:


  Positive :     Fe  3 +   +  e −      → ←    charge    discharge      Fe  2 +     



(1)






  Negative :     V  2 +       → ←    charge    discharge      V  3 +   +  e −    



(2)







The detailed computing method, mesh generation and validation mode are described in our published literature [29,30]. Moreover, a fixed state of charge (SOC, SOC = 0.5) is employed at the inlet of the flow channel during these simulations; the detailed boundary conditions and geometric dimensioning of this model are listed in Table 1 and Table 2, respectively. As the flow flux of 25 mL/min is chosen, Figure 2b plots the polarization curve of the mono-layer CP electrode simulated by this FEM model and the numerical result of the validation model with previous experimental data [29]. It can be observed that the average relative error is 3.3%, which demonstrates the accuracy of the present model.




2.3. Dataset Generation


In order to provide a series of appropriate training and test data for the ML model coupled with GA, we used the above finite-element numerical model to simulate the steady galvanostatic discharging process under different operating conditions and the electrode architectural features and obtain the overpotential polarization loss and pump power loss of the DES electrolyte-based vanadium-iron RFB. On the one hand, the different electrolyte flow rates and galvanostatic discharging current densities are investigated as the key factors impacting the RFB’s performance. Based on our previous experimental and numerical works [18,26,29], it can be found that the studied electrolyte flow rate (Q) mainly focuses on the range of 1–25 mL/min. Therefore, several discrete flow rates (i.e., Q = 1 mL/min, 2 mL/min, 5 mL/min, 10 mL/min, 15 mL/min, 20 mL/min, 25 mL/min) are selected input conditions. On the other hand, considering that this conventional DES-based vanadium-iron RFB often has a lower peak current density (about 200 A/m2) [31] and the overlarge reactive current density may reduce the convergence of numerical computation, the discharging current density (J) ranging from 5 A/m2 to 140 A/m2 is studied in this work. The detailed discharging current densities are selected as J = 5 A/m2, 10 A/m2, 20 A/m2, 30 A/m2, …, 140 A/m2. In addition, due to the double-layer electrode being composited by a CP and a GF electrode, the ratio of CP thickness to total electrode thickness (Rt) is considered an adjustable variable to seek the optimized composite electrode structure. This study explores six different thickness ratios, i.e., Rt = 0, 0.25, 0.375, 0.5, 0.75 and 1. Therein, Rt = 0 or Rt = 1 means the composite electrode would turn into a mono-layer GF or CP electrode, respectively. Likewise, Rt = 0.5 means CP thickness is equal to GF thickness for the double-layer composite electrode. By altering these input variables (Q, J and Rt), 620 numerical simulation cases were performed to reveal the discharging performance of the DES electrolyte-based vanadium-iron RFB affected by these input variables. To simplify the complexity of this optimization problem, we used a total power loss (Ptotal) to evaluate the overall performance of RFB, which means RFB can achieve an optimal running condition and an electrode architecture as the total power loss is minimized. In detail, the total power loss (Ptotal) is the sum of overpotential polarization loss (Ppower) and pump power loss (Ppump), which can be defined as


   P  p u m p   =   Δ  p  t o t a l   ⋅ Q    η p     



(3)






    P   p o w e r   = (   V   i d e a l   −   V   c e l l   ) ⋅ J ⋅ S  



(4)






   P  t o t a l   =  P  p u m p   +  P  p o w e r    



(5)




where ∆ptotal stands for the total pressure drop in the positive and negative electrodes. Q and ηp are inlet electrolyte flow rate and pump efficiency, respectively. Videal and Vcell are the ideal and actual output voltage, respectively. Videal can be obtained by the difference of ideal potential between the positive and negative sides, and S is the area of the electrode. As the single output target, the total power loss calculated based on the results of 620 numerical simulation cases would be integrated with the above three input variables to generate the dataset. During the ML procedure, 75% of data (i.e., 465 cases) are randomly selected to train the ANN model and perform cross-validation, and others (i.e., 155 cases) are used to test the accuracy of the model.




2.4. Artificial Neural Network Model Coupled with Genetic Algorithm


ANN is a frequently-used ML algorithm to solve larger-scale problems in complex systems [22]. In this paper, a multi-layer ANN regression model was established to predict the hidden relationship between input variables and output targets that are generated from the above dataset. This ANN model contains an input layer with three nodes (i.e., Q, J and Rt), an output layer with one node (i.e., Ptotal), and two hidden layers between them. Meanwhile, the first and second hidden layers have five and four nodes, respectively. The nodes between adjacent layers are linked by an activation function from the input node of the previous layer to the receiving node of the next layer, which includes an associated weight and a threshold. The determination process of these weights and thresholds plays a key role in the prediction accuracy of the ANN regression model. Generally, these parameters of ANN would iteratively search for the appropriate values to keep the predictive output in accord with the practical output of training data as far as possible. For the sake of improving the accuracy of the ANN model, we introduced GA to assist the ANN training process. GA is a noted stochastic search optimization method that simulates nature’s genetic evolution mechanism. Compared to other metaheuristic techniques, such as simulated annealing or particle swarm optimization, GA has several advantages, including the ability to handle a large search space, high convergence rate and flexibility [32]. Overall, the advantages of genetic algorithms make them a popular choice for a wide range of optimization problems, particularly those with complex constraints or large search spaces. During this iterative process of GA, the candidate parameters (e.g., weight and threshold) that need to be optimized are coded as a tandem array named a gene. A series of stochastic coding genes would form a population. Mimicking biological evolution, some genes in this population are renewed using random selection, crossover and mutation operations to alter the coding for a portion of genes in the population. After the evolution procedure, a one-fold method is employed to perform cross-validation, thus calculating and sorting the fitness of genes, which is defined as the predictive error of ANN in this paper. Then, the gene with the lowest fitness will be replaced by the highest fitness, thus generating a new population to perform the next iteration. Using a specific population size and sufficient iterations, the highest population fitness can be improved gradually, thereby optimizing the weight and threshold to meet the expected criterion of ANN prediction accuracy. In detail, this coupled ML flow path is illustrated in Figure 3.





3. Results and Discussions


3.1. Numerical Results of RFB’s Galvanostatic Discharge Process


We conducted numerical cases to simulate the galvanostatic discharge process of a vanadium-iron RFB with double-layer electrodes. In addition to generating datasets, these finite element simulations can also directly reveal the reactive transfer behaviors in porous electrodes. Figure 4 plots the Fe2+ ions concentration distributions of the positive electrode with different architectures during the galvanostatic discharge process. This is done with a current density of 70 A/m2 and an electrolyte flow rate of 2 mL/min. On the one hand, compared with the mono-layer GF electrode, as shown in Figure 4b, Figure 4a plots that the double-layer electrode can provide a more sufficient specific surface area near the membrane side, which is beneficial to reduce the charge transfer current per unit area occurring near the membrane side, and improve the electrochemical reaction efficiency inside this region. On the other hand, due to the uneven porosity distribution of the double-layer electrode, the flow of electrolyte would encounter greater resistance inside the CP section with the lower porosity, leading to lower electrolyte flow near the membrane side. The above two reasons result in the reactive product concentration (i.e., Fe2+ ions concentration) near the membrane side of the double-layer electrode being higher than that of the GF electrode. The numerical results reveal that the composite electrode architecture would significantly change the electrochemical reaction and coupled transfer characteristics. This would further influence the operation performance of the RFB.



The overpotential polarization loss derived from the numerical result is explicitly inversely proportional to the RFB’s discharging efficiency. Figure 5a–c plots this overpotential polarization loss under different electrolyte flow rates and electrode architectures. For all electrode architectures, polarization losses rise observably with the increase in discharging current density. This means RFB exhibits poorer voltage efficiency under higher current density operation conditions [33]. Moreover, as shown in Figure 5, compared with GF (Rt = 0) and CP (Rt = 1.0) electrodes, the designed double-layer electrode (Rt = 0.5) has a lower polarization loss, especially for the higher flow rate and current density conditions. This result demonstrates that the composite electrode architecture can achieve higher discharging efficiency. The reason is mainly caused by the CP section near the membrane side having a larger specific surface area, thus providing a more sufficient reaction site to reduce electrochemical reaction resistance. Meanwhile, the higher porosity GF section near the flow field side can effectively diffuse the electrolyte flowing toward the CP section. The lower flow resistance loss within the GF section enhances the ion transfer to decrease the concentration polarization overpotential. However, the standalone polarization overpotential cannot reflect the overall performance of the RFB. The flow inside the porous electrode would generate an obvious Darcy flow resistance loss (i.e., pump power loss) governed by electrode architecture and electrolyte flow rate. Consequently, Figure 6a–c plots the total power loss affected by RFB operating conditions and electrode architectures. With the smaller electrolyte flow rate condition (i.e., Q = 1–2 mL/min), an RFB with the mono-layer GF electrode can achieve the optimum performance as the lower current density (i.e., J < 20 mA/m2 for Q = 1 mL/min and J < 35 mA/m2 for Q = 2 mL/min). This phenomenon is attributed to the low flow resistance of GF that reduces the pump power loss, and the polarization loss only makes up a small part of the total loss under a small current density condition. However, GF’s disadvantage leads to RFB’s higher polarization loss, and this impact becomes more noticeable under the larger discharging current density condition. Meanwhile, the double-layer electrode exhibits the synergistic optimization of hydraulic transfer and electrochemical reaction process. Therefore, the Ptotal of the double-layer composite electrode is less than that of the GF electrode as the suitable operation condition (i.e., J > 20 mA/m2 for Q = 1 mL/min and J > 35 mA/m2 for Q = 2 mL/min). On the contrary, with the higher flow rate (Q = 10 mL/min), the pump power loss dominates the RFB’s operating performance. Under this flow condition, the high porosity GF has the advantage of low hydraulic transfer resistance. Thus the double-layer electrode cannot acquire the lowest total power loss during the galvanostatic discharge process as Q = 10 mL/min. These results illustrate that the vanadium-iron RFB with a double-layer electrode only achieves the effect of optimization under limited operating conditions. Hence, it is necessary to reveal the regression relationship between the RFB’s performance and the electrode architectures under the different operating conditions driven by the ML model.




3.2. RFB’s Performance Prediction Using ANN Regression Model Coupled with GA


Although these above numerical cases can be compared to find the electrode architecture with the relatively low total power loss, the thickness ratio and operating conditions were selected within a limited number of discrete points due to the restrictions on computing resources. Consequently, based on the limited FEM simulation results, a suitable regression prediction model is also needed to approximate the functional relationship between RFB’s performance and these impact factors. To predict the RFB’s performance with a double-layer electrode, we established a multi-layer ANN model, which is integrated into the GA procedure to optimize the weight and threshold values of ANN. The population size and evolution iterations are key factors to impact the optimization quality. This paper defines the mean square error (MSE) between ANN’s true value and predictive value to evaluate the training results’ accuracy. As the population size is 160, the effect of evolution iterations on MSE is presented in Figure 7a. Since the genes with low predictive accuracy (i.e., fitness in this paper) are replaced constantly during the iterative evolution process, the predictive quality of ANN optimized by GA can be improved effectively after a sufficient iterative evolution. The predictive error can be significantly reduced with increasing evolution iterations. In the actual optimization process, we set the required predictive accuracy and the maximum iterations, thus promoting the reliability of ANN as far as possible. Moreover, we compared the predictive accuracy of ANN optimized by the different population sizes of GA. As shown in Figure 7b, the MSE of predictive results decreases as the GA with larger population size is applied to train ANN. As more genes are involved in the evolution process, GA has greater latitude in selecting the superior gene with higher fitness. Consequently, as the population size has a fourfold increase, the MSE of predictive results falls by 33 times. To ensure training accuracy, a population size of 160 is employed in the following study of this paper. Figure 7c displays the regression training outcomes by comparing the predicted values with true values from the testing dataset. The predicted value in this figure is defined as Ptotal/Q. These outcomes predicted by ML are approximately in agreement with the actual values. Using the perfect prediction line to estimate the training effect, the determination coefficient (R2) can reach more than 0.999.



To compare the availability of this multi-layer ANN procedure coupled with GA, we introduced a series of popular ML regression models to train the identical training dataset. These models are divided into linear regression model (LM), support vector machine (SVM), ANN without GA, Gaussian process regression (GPR), and decision-making tree (DT). In particular, linear regression models include robust linearity, stepwise linearity and interaction effect linearity. Support vector machines include linear SVM, quadratic SVM and cubic SVM. Artificial neural networks include wide ANN, medium ANN and narrow ANN. Gaussian process regression models include square exponent GPR, quadratic rational GPR and matern 5/2 GPR. Decision-making tree models include rough DT, medium DT and fine DT. By testing the training effect, the MSEs of these ML regression models are calculated using the same testing set, and the comparative result is given in Figure 8. This result reveals that the accuracy of predictive values appears to be significantly different among these regression models. For different kinds of regression methods, GPR models have lower predictive errors; MSEs of three GPR models are all less than 8 × 10−8. Nevertheless, the fine DT model has an MSE of 1.59 × 10−8, which is the lowest predictive error within these popular regression models. It can be found that the multi-layer ANN coupled with GA can reach an MSE of 1.54 × 10−8. This predictive error is significantly lower than other ANN without GA and is also lower than the error of fine DT. As a result, the proposed ML algorithm has good predictive accuracy compared with other ML regression models.



One of the aims of the established ML regression model is to uncover the optimal thickness ratio of the double-layer electrode under the different operating conditions of a vanadium-iron RFB. Based on the well-trained regression model, the relationship between total power loss and the electrode’s thickness ratio is predicted under different electrolyte flow rates and discharging current density, as shown in Figure 9. On the one hand, for the lower electrolyte flow rate (0.6 L/min and 1 L/min), the double-layer electrode architectures would achieve the optimum operational efficiency relative to CP and GF electrodes. On the other hand, under these low flow rate conditions, due to the electrochemical polarization resistance playing a main role in the operational power loss of the RFB, the composite electrode with gradient pore distribution makes a trade-off between electrolyte transfer resistance and electrochemical reaction resistance, thus improving the discharging performance of the vanadium-iron RFB as the current density varies from 10 A/m2 to 100 A/m2. Furthermore, Figure 9a,b displays that the optimal thickness ratio of the double-layer electrode would be changed with different discharging current density conditions. As the electrolyte flow rate is 1 L/min, the optimal thickness ratio is 0.4 as the current density is 10 A/m2. However, at the higher current density, i.e., 100 A/m2, the 0.6 optimal thickness ratio achieves the minimum total power loss. The increasing discharging current density means a higher electrochemical reaction rate occurring on the surface of the carbon electrode. In that case, the higher proportion of the CP section can provide a larger specific surface area to reduce the charge transfer current density per unit area, thus alleviating the overpotential polarization loss at a higher discharging current density.



On the other hand, because the electrolyte flow resistance increases rapidly with the increasing input flow rate, the pump power loss would dominate the total power loss of the RFB when the flow rate is higher than a critical value [26]. Under this flow rate condition, the electrode with higher porosity (i.e., mono-layer GF electrode) has a higher permeability, thus resulting in a low total power loss. Therefore, as shown in Figure 9c,d, the double-layer electrode architecture may not play a positive role in improving the RFB’s performance as the electrolyte flow rate is larger than 5 L/min. If the electrolyte flow rate is 5 L/min, the total power loss of the double-layer electrode with Rt = 0.3 is lower than that of the GF electrode (Rt = 0) only under the highest discharging current density (100 A/m2). Furthermore, if the electrolyte flow rate is 10 L/min, a GF electrode with low flow resistance is the best choice for minimizing the total power loss of a vanadium-iron RFB, compared with double-layer electrode architecture. As a result, although the RFB is unlikely to run in a fixed electrolyte flow rate and a fixed discharging/charging current density, the pre-determined operating ranges (e.g., Q and J) are critical for designing the electrode architecture of an RFB.



In order to clarify the relationship between electrode architecture and operating ranges, Figure 10 summarizes the optimal thickness ratio of double-layer electrodes under the different electrolyte flow rates and current densities. Within the higher electrolyte flow rate and the lower discharging current density conditions (i.e., the black zone in Figure 10), the pump power loss is much higher than the polarization loss. Thus, the total power loss is governed by the flow resistance of the electrolyte passing through the porous electrode. Because this filtration resistance loss is inversely proportional to the porosity of porous media, the high-porosity GF electrode (Rt = 0) is more suitable under these operating ranges compared with the CP electrode or double-layer electrode (Rt > 0). On the contrary, the polarization loss is of the same magnitude as the pump power loss within the lower electrolyte flow rate and the higher discharging current density conditions (i.e., the color zone in Figure 10). Under these operating regions, the total power loss is affected synthetically by the electrolyte flow resistance and the electrochemical reaction resistance, thereby needing the double-layer electrode to achieve a trade-off between the pump power loss and the polarization loss. Hence, as shown in the color zone of Figure 10, if the CP electrode with an appropriate thickness ratio is assembled near the membrane side, the larger specific surface area provided by CP can effectively reduce the charge transfer resistance to decrease the polarization loss and the total power loss, compared with the mono-layer GF. Moreover, polarization loss would play a more prominent role in determining the total power loss with the decreasing flow rate and the increasing current density. This means a higher proportion of CP section is needed to obtain the optimal double-layer electrode architecture. In other words, the desired thickness ratio (Rt) improves with the decreasing flow rate and the increasing current density, as shown in Figure 10. Furthermore, based on the known operating ranges of the RFB, the predictive results of the ML algorithm can aid in determining whether a double-layer electrode should be used in the vanadium-iron RFB and an appropriate thickness ratio of this double-layer electrode.





4. Conclusions


Based on the finite-element numerical simulations of a single cell’s galvanostatic discharging process to generate a training dataset, this work develops an ANN model coupled with GA to aid the design of double-layer electrode architectures for a DES electrolyte-based vanadium-iron RFB. The main conclusions include the following:




	(1)

	
The numerical results reveal that this double-layer electrode only plays a positive role under limited operating conditions. Hence, using an ML model to illustrate the regression relationship between RFB’s performance and electrode architectures under different operating conditions is necessary.




	(2)

	
The accuracy of this well-trained ML model is tested and compared with other popular regression models. The comparative result shows that the MSE of this multi-layer ANN coupled with GA can reach 1.54 × 10−8. This predictive error is significantly lower than other ANNs without GA parameter optimization and is also lower than other popular ML regression models. The results show that the GA approach is one of the promising tools for training this multi-layer ANN. At the same time, intensive research should be conducted by comparing this optimization approach of GA with the commonly used optimizer, thus determining the applicable scope of this approach that has distinct advantages over other optimizers.




	(3)

	
The performance prediction driven by this ML model shows that the pre-determined operating ranges (e.g., Q and J) are critical for designing the electrode architecture of an RFB. For example, based on the known operating ranges of the RFB, the predictive results of the ML algorithm can be used to estimate whether a double-layer electrode should be used in a non-aqueous vanadium-iron RFB and determine an optimal thickness ratio of this double-layer electrode.









Furthermore, this present work is conducted as a fixed total thickness of the electrode and the unchanged species transfer properties of the membrane. Therefore, a more comprehensive ML model should be established to consider further the effects of membrane materials and varietal total electrode thicknesses on RFB’s performance, which will expand the general applicability of ML prediction. Meanwhile, the role of ANN size on the training accuracy of this ML approach coupled with GA needs to be understood in further work.
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Figure 1. Framework of ANN coupled with genetic algorithm. 
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Figure 2. (a) Schematic of a numerical model of RFB, (b) Verification case. 
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Figure 3. Schematic of ANN model coupled with GA. 
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Figure 4. Fe2+ ions concentration distributions: (a) double-layer electrode (Rt = 0.5), (b) mono-layer GF electrode (Rt = 0). 
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Figure 5. Overpotential polarization loss with varying discharging current density and electrode architectures. (a) Q = 1 mL/min, (b) Q = 2 mL/min, (c) Q = 10 mL/min. 
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Figure 6. Total power loss with varying discharging current density and electrode architectures. (a) Q = 1 mL/min, (b) Q = 2 mL/min, (c) Q = 10 mL/min. 
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Figure 7. (a) Effect of evolution iterations on MSE, (b) Effect of population size on MSE, (c) Comparing predicted values with true values. 
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Figure 8. Training accuracy of different ML regression models. 
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Figure 9. Predictive total power loss is affected by the electrode’s thickness ratio. (a) Q = 0.6 mL/min, (b) Q = 1 mL/min, (c) Q = 5 mL/min, (d) Q = 10 mL/min. 
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Figure 10. Optimal thickness ratio of double-layer electrode under different electrolyte flow rates and current densities. Note: The black zone means double-layer electrode architecture does not play a positive role in improving RFB’s performance. 
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Table 1. Boundary conditions of this work.
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Types

	
Boundaries

	
Descriptive Equations






	
Charge transfer boundary

	
Galvanostatic boundary on the positive side

	
   −   σ   s   e f f   ∇   φ   s   ⋅ n = − I   




	
Ground boundary on the negative side

	
     φ   s   = 0   




	
Insulation boundary for other walls

	
   − n ⋅   i   l   = 0 ,   − n ⋅   i   s   = 0   




	
Momentum transfer boundary

	
Constant electrolyte flow rate boundary at the inlet

	
     v   i n   =   Q   ε ⋅ A     




	
Constant pressure boundary at the outlet

	
     P   o u t   = 0   




	
Non-slip flow condition for other boundaries

	
   ∇ p ⋅ n = 0   




	
Mass transfer boundary

	
Constant SOC boundary at the inlet

	
      c   V   I I   _ i n   =   c   0 _ n e g   ⋅ S O C    

     c   V   I I I   _ i n   =   c   0 _ n e g   ⋅   1 − S O C     

     c   F e   I I   _ i n   =   c   0 _ p o s   ⋅   1 − S O C     

     c   F e   I I I   _ i n   =   c   0 _ p o s   ⋅ S O C   

     c   C l _ n e g   = 2   c   0 _ n e g   ⋅ S O C + 3   c   0 _ n e g   ⋅   1 − S O C     

     c   C l _ p o s   = 2   c   0 _ p o s   ⋅   1 − S O C   + 3   c   0 _ p o s   ⋅ S O C   




	
Full development boundary at the outlet

	
   −   D   i   e f f   ∇   c   i   ⋅ n = 0   




	
Non-permeate boundary for other walls

	
     −   D   i   e f f   ∇   c   i   −   Z   i     μ   i   e f f   F   c   i   ∇   φ   l   +   c   i   u   ⋅ n = 0   
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Table 2. Geometric dimensioning of the numerical model.






Table 2. Geometric dimensioning of the numerical model.





	Geometric Parameters
	Value
	Unit





	Cell height
	10
	mm



	Cell width
	10
	mm



	Total electrode thickness
	4
	mm



	Membrane thickness
	0.12
	mm



	Channel height
	2
	mm



	Channel width
	2
	mm



	Channel length
	10
	mm
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