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Abstract

:

Dry reforming of hydrocarbons, alcohols, and biological compounds is one of the most promising and effective avenues to increase hydrogen (H2) production. Catalytic dry reforming is used to facilitate the reforming process. The most popular catalysts for dry reforming are Ni-based catalysts. Due to their inactivation at high temperatures, these catalysts need to use metal supports, which have received special attention from researchers in recent years. Due to the existence of a wide range of metal supports and the need for accurate detection of higher H2 production, in this study, a systematic review and meta-analysis using ANNs were conducted to assess the hydrogen production by various catalysts in the dry reforming process. The Scopus, Embase, and Web of Science databases were investigated to retrieve the related articles from 1 January 2000 until 20 January 2021. Forty-seven articles containing 100 studies were included. To determine optimal models for three target factors (hydrocarbon conversion, hydrogen yield, and stability test time), artificial neural networks (ANNs) combined with differential evolution (DE) were applied. The best models obtained had an average relative error for the testing data of 0.52% for conversion, 3.36% for stability, and 0.03% for yield. These small differences between experimental results and predictions indicate a good generalization capability.
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1. Introduction


Global warming is one of the most important research topics today. Global warming is due to the excessive use of fossil fuel sources such as oil, natural gas, coal, etc., as well as the increase in greenhouse gas emissions [1,2,3]. Methane and CO2 are the most abundant greenhouse gases and are major factors in recent climate change. Although the concentration of methane in the atmosphere is much lower than that of CO2, it has surprisingly led to about 20% of global warming [4]. One of the most important sources of methane emissions is human activities including oil, gas, and coal extraction as well as landfilling. About one-third of US-produced methane is emitted from landfills according to the US Environmental Protection Agency (EPA) [5]. In recent years, the use of hydrogen (H2) as a clean fuel to solve the energy crises and environmental challenges has increased. Currently, about 95% of all H2 production comes from fossil fuels due to lower costs [6,7,8]. There are currently several methods for H2 production, including steam reforming of hydrocarbons (SRH), dry reforming of hydrocarbons (DRH), and partial oxidation of hydrocarbons (POH). Among these processes, DRH is preferred because it is cheap, pro-industry, and eco-friendly [9]. DRH, especially by methane (DRM), not only leads to the elimination of greenhouse gases, but the appropriate CO/H2 ratio can also be used directly as a crude gas for Fisher–Tropes synthesis [10]. The main and side reactions in DRM to produce H2 are in Equations (1)–(3) [11]:


       CO  2   g  +   CH  4   g  → 2 CO  g  + 2  H 2   g  ,   Δ H = 257    kJ  / mol     



(1)






    CH  4   g  → C + 2  H 2   g   



(2)






  2 CO  g  → C +   CO  2   g   



(3)







The DRM reaction is exothermic and operates at relatively high temperatures. Therefore, current research is mainly focused on the synthesis of highly efficient and stable catalysts for the DRM reaction [12]. Currently, the most popular catalysts for the DRM reaction are Ni-based catalysts, which are considered a good alternative to noble metals due to their good catalytic performance, availability, and low reaction cost [13]. However, these catalysts create a worrying problem: the deactivation of the catalyst. Carbon formation and high-temperature sintering are the main reasons for the deactivation of these catalysts. Coke formation by two side reactions in DRM is involved in both methane cracking (Equation (2)) and the Boudouard reaction (Equation (3)). Sintering of the active sites of the catalyst material is due to the high reaction temperature of between 773.15 K and 1273.15 K [14]. Therefore, to develop carbon resistance in Ni-based catalysts, the addition of a non-noble metal, the best candidate being cobalt (Co), is the most effective economic solution. However, Co has relatively low catalytic performance compared to Ni-based catalysts [15]. To solve this problem, support materials can be used. In recent years, catalysts supported by carbon (C), tin (Sn), manganese (Mg), and aluminum (Al)-based materials have been extensively investigated for DRM reactions [5]. These supports are widely used in catalytic reactions due to their specific surface area, higher stability, and low cost. Their high stability and specific surface can greatly improve the dispersibility and stability of activated metals. However, the acidic sites in these support materials make the Co-based catalyst prone to reduced CO2 uptake and activation, resulting in poor catalytic performance [16]. Therefore, coupling of basic groups of alkali metals to these support materials is one of the most effective measures to compensate for the negative impact of acidic sites on the Co-based catalysts and accelerate the adsorption and activation of the reactant [4].



Currently, there are several methods to develop a catalyst with better catalytic performance for the DRM reaction, including improving the chemical properties of the support [16,17,18], designing a polymetallic catalyst [19,20], and using appropriate promoters [11,12,21,22]. In all these methods, increasing the metal dispersion, improving the interaction between the active metal and the catalyst support, minimizing sintering, and increasing the thermal stability are the most important features that should be considered when choosing a catalyst for the DRM reaction [23].



In recent years, most published research papers on H2 production in the DRH reaction have focused on developing a suitable catalyst for the reaction. However, there is no meta-analysis of their use for the H2 production in DRH reactions. Therefore, the present study conducted a systematic review that aimed to provide insights into the use of suitable hydrocarbons and alcohols, suitable catalysts, and suitable operating conditions in the dry reforming reaction to produce H2. This study also analyzed the data extracted from recent studies to produce H2 in the DRH reaction to evaluate their performance using artificial neural networks (ANNs) combined with differential evolution (DE). Finally, the applications and performance obtained using these catalysts in the DRH reaction are discussed.




2. Search Strategy and the Protocol of the Study


2.1. Search Strategy


To retrieve articles from 1 January 2000 until 20 January 2021 related to hydrogen production in the catalytic dry reforming of hydrocarbons according to the PRISMA guideline, searches were performed in the Scopus, Embase, and Web of Science databases [24,25]. The following keywords were included: “hydrogen”, OR “H2” OR “hydrogen production” OR “H2 production” AND “reforming”, OR “dry reforming” OR “catalytic reforming” OR “catalytic dry reforming” OR “dry reforming of hydrocarbon” OR “dry reforming of methane” OR “DRH” OR “DRM”. Initially, 851 articles were acquired. Then, based on a screening of titles and abstracts, 119 articles remained for full-text assessment. In the next stage, based on full-text evaluation, 50 articles with 100 cases regarding the utilization of hydrogen production in catalytic dry reforming of hydrocarbons and alcohols for data extraction were extracted (Figure 1, Table S1).




2.2. Inclusion Criteria and Data Extraction


The following criteria were marked for the inclusion of articles in the study: (1) dry reforming of a type of hydrocarbon, (2) catalytic dry reforming, (3) reforming used for hydrogen production, (4) published online between 1 January 2000 and 20 January 2021, (5) full text of the article was available, and (5) English. Review articles, books, book chapters, letters to the editor, and conferences were excluded. References to related articles for access to further articles were also evaluated [26,27].




2.3. Artificial Neural Network Modeling


To model the different aspects of hydrogen production (% of hydrocarbon conversion, yield, and stability test time), a methodology combining artificial neural networks (ANNs) and the differential evolution algorithm (DE) [28] was developed. The idea behind combining DE and ANNs is based on the difficulty of determining an optimal ANN, a problem that is influenced by the characteristics of the system studied. One of the major advantages of this combination is that it relies on the ability to escape a local optimum, making it robust and adaptable to changing environments [29,30]. The combination of an evolutionary algorithm such as DE with ANNs is known as neuro-evolution and depending on the characteristics evolved, three main classes are encountered: (i) evolving weights; (ii) evolving architecture; and (iii) evolving both simultaneously [31]. The methodology proposed in this work focuses on architecture evolution, with this aspect being equivalent to finding the highest point on the surface [32]. Compared to constructive or destructive methods, the evolutionary algorithms are better suited because the surface is unlimited, not differentiable (changes in neurons or connections are discrete and have a dissentious effect on the ANN performance), complex and noisy, deceptive (similar ANN architectures can have different performance), and multimodal (distinct ANN architectures can have similar performance) [32,33]. Taking all of these aspects into account in the current work, DE evolves the architecture (number of layers and neurons in each hidden layer) and the resulted models are evaluated after being trained using the tools provided by the Keras library. The overall approach (Figure 2) was implemented in Python 3.7.4.



First, the DE algorithm generated a series of encoded ANN architectures. These architectures were then loaded into the Keras and ANN models with the following characteristics: inputs and outputs layers with linear activation functions and number of neurons as determined by the dataset used, hidden layers with ReLu activations functions, and the number of neurons as generated by the DE algorithm. All the layers were of dense type and the models created were sequential. Next, using the dataset describing the process, the Keras library was used to train and test the models. The training objective was to determine the internal parameters of the model so that the loss—measured as the mean squared error (MSE) between predictions and actual values—was minimized. For MSE computations, Equation (4) was used. For training: (i) the algorithm was Adam, a stochastic gradient descent method that uses adaptive estimations of first and second-order moments, (ii) the number of epochs was set to 30, (iii) the batch size was set 10, (iv) the validation data were set at 10% from the training data, and (v) the shuffling training data were set to true [34]. Before starting the program, the dataset was loaded into memory, shuffled, and split into training (80%), validation (10% from training), and testing (10%) [35,36].


  MSE =  1 n    ∑   i = 1  n        Out   experimental   −   Out   predicted      2   



(4)




where n is the number data for which the MSE is computed, Outexperimental is the value of the analyzed parameter from an experimental approach, and Outpredicted is the ANN predicted value.



After the models were trained, the testing data were used to determine the generalization capability of the models. These results were then loaded into DE, which modified the architecture and re-applied the training process. The architecture modification in the DE algorithm was performed for each model by repeating the following steps: mutation, crossover, and selection for several generations. In the mutation phase, the current population of encoded ANNs was mutated through a differentiation process. The characteristics of the resulting individuals were combined with the characteristics of their corresponding individuals from the current population in a process called crossover. This new set of ANNs (trial population) was trained with the Adam approach and then evaluated to determine its fitness. In the next step, selection, the individuals with the best fitness from the trial and current population were selected to form the new population to undergo the evolutionary process. More details about DE can be found in the annotated sources [28,37,38]. As the changes performed by DE are small, when transforming the encoded data into an ANN architecture, due to the discrete property, there is the possibility that over the generations, the architecture will remain unchanged. When this happened, the corresponding trained model from the previous generation was loaded and further trained. In this manner, the performance of these models was improved.





3. Results and Discussion


3.1. Data Accessibility


Our study searched 851 studies including 474 from Scopus, 299 from Embase, and 78 from Web of Science from 1 January 2000 and 20 January 2021. After screening, we selected only 50 studies containing 100 samples, which provided information about catalytic dry reforming for H2 production (Figure 1), with the majority conducted in Malaysia, Saudi Arabia, and Brazil. Among the 100 published samples, (88/100 (88%) were related to the dry reforming of methane (CH4); 7/100 (7%) dry reforming of ethanol (C2H5OH), and 5/100 (5%) dry reforming of glycerol (C3H8O3).




3.2. Artificial Neural Network Modeling


After the data were gathered, in order to be used in the modeling procedure, it was processed while taking into account the following aspects: (i) all cases with missing data were removed, (ii) the parameters with no variation were eliminated from the input list, and (iii) the text/categorical data were transformed into numerical inputs [39]. This transformation was applied to the type of hydrocarbon, type of alcohol, and type of catalyst. Thus, for the type of hydrocarbon and alcohol, three inputs were considered: number of carbon atoms, number of hydrogen atoms, and number of oxygen atoms. Conversely, for the type of catalyst, the three cases were considered to be either missing (0), based (2), or added (1) for the elements: Ni, Co, Zr, Ce, Al, Mg, Rh, La, and Ru. In the end, this resulted in a database with 13 independent parameters (C, H, O, Ni, Co, Zr, Ce, Al, Mg, Rh, La, Ru, and reaction temperature) and 3 target factors (hydrocarbon conversion, hydrogen yield, and stability test time). For each of the target factors, the modeling procedure was applied separately with the DE algorithm using the following settings: number of iterations = 50, number of individuals in the population = 25, initial crossover factor = 0.7, initial mutation rate = 0.5, mutation type = Current_to_best_1 [40,41], and self-adaptation for the control parameters. These values were determined based on a set of preliminary runs performed to empirically determine and eliminate the conditions where overtraining might occur. Due to the stochastic nature of the DE algorithm, for each target factor, the simulations were repeated 10 times. The statistics for the obtained models on the normalized data are listed in Table 1, where ARE represents an average relative error (%) and the topology uses ‘:’ to separate the neurons in each layer.



For the testing data, the ARE of the best models obtained for conversion was 0.52%, for stability 3.36%, and yield 0.03%. In all the cases, the ARE was lower than 5%, indicating that the obtained models have a good generalization capability and can be efficiently used to determine the potential behavior of other combinations for the considered independent parameters. A comparison between the predictions and the experimental data in the testing case is presented in Figure 3 for conversion, Figure 4 for stability, and Figure 5 for yield. These results indicate that the determined models can be further used to generate predictions and/or for process optimization. To this end, the best models are publicly available at https://bit.ly/3b22YQc (accessed on 4 May 2021)and can be loaded using the load_model function from the Keras model library. After loading, without further training, the models can be used in various scenarios, and combinations can be pointed out as suitable for further analysis and experimental study.



As shown in Figure 3, Ni-based catalysts showed higher conversion rates than those of other catalysts (for example, see Exemplars 9, 11, and 15). One of the main problems of catalysts in dry reforming is the inactivation of the catalyst due to the high rate of formation of carbon. Ni-based catalysts, due to more conversion of carbon than in other catalysts, have a high conversion rate, which also depends on the structure and composition of the catalyst. In recent years, the special properties of nanoparticles have led to attention for their use in the structure of catalysts in dry reforming. For example, nanocrystalline materials consisting of crystals with a size of 1 to 2 nanometers have a high surface-to-volume ratio, which produces several atoms with low coordination numbers at the edges and corners, which can create a large number of active sites. Bain and Kawi applied Ni-Co/SiO2 catalysts for dry reforming of methane. They synthesized Ni-Co alloy particles (∼10 nm) over silica. In this study, 10 Ni and 7 Ni3Co were illustrated with high and stable activity for 100 h DRM at 750 °C with 100% conversion [42]. In another study, Son et al. used CoNi/Al2O3 and MgCoNi/Al2O3 for H2 production from carbon dioxide reforming of methane. The results showed that the MgCoNi/Al2O3 catalyst had a much higher conversion than that of the CoNi/Al2O3 catalyst [20]. The reason for this can be attributed to the strong interaction between Ni and MgO, Mg anti-carbon properties [43], and higher MgO reactivity in the carbon dioxide reforming [19].



The active metal is usually used as a supporting material for catalysts in dry reforming. These supports maximize the active sites by providing a wide area that increases the stability and yield of the process. In recent years, various supports such as MgO, ZnO Al2O3, SiO2, and ZrO2 have received special attention in catalytic dry reforming. To comprehend the impact of the support materials on stability and yield in catalytic dry reforming, Sokolov et al. employed a series of supported Ni catalysts in dry reforming of methane. In this study, N-based catalysis with Zr support showed a higher yield and stability than those of other supports (Figure 6) [44]. The reason for this can be attributed to high thermal stability, high surface area, and high relative activity for N-based catalysts with Zr support. Similar results were obtained in the present study, for example, Exemplar 4 in Figure 4 and Exemplars 11 and 12 in Figure 5.



Li et al. used a Ni/ZrO2 catalyst for dry reforming of methane. The results of this study showed high yield and stability for catalysts, which is substantially dependent on the morphologies of the ZrO2 carriers due to their high surface area and good pore size distribution [45]. Zhang et al. investigated the effect of Zr doping on catalysts in the dry reforming of methane. They found that Zr as a support prevents particle sintering and maintains small particles in Ni-based catalysts through a strong interaction between the metal and support. Zr also prevents Ni migration from the surface into ceria, which increases the active Ni0 on the catalyst surface [46]. Moreover, Liu et al. synthesized a multiple-core@shell structured catalyst (Ni-ZrO2@SiO2) for methane dry reforming. The results of this study demonstrated the catalysts have high sintering and coking resistance to any coking formation. The results also showed high yield and stability for the catalyst as Ni particle size was not increased even after 240 h [47].



Another support that is widely used in dry catalyst reforming is Al, more often as aluminum oxide (Al2O3). Ni-based catalysts with Al2O3 support have been widely applied in dry reforming in recent years due to their low cost, high thermal stability, and benefits to the industry. Sajjadi et al. synthesized Cu and Co-doped Ni/Al2O3 for dry reforming of methane. The results showed a H2 production yield of 98.21% and high stability (1440 min) for Ni-Co/Al2O3 due to the excellent properties of the catalyst such as higher surface area and small particle size [48]. Schwengber et al. used Ni/Al2O3 for dry reforming of methane for H2 production. The results illustrated that no remarkable reduction in catalytic activity occurred during the reaction, so no inactivation took place with coke deposition or metal curing [49].



In addition to the supports discussed for Ni-based catalysts, which have been widely used for catalytic dry reforming in recent years, mesoporous supports have also been well tested in recent studies. Mesoporous supports have advantages including prevention of the sintering of metal particles, increased dispersion of Ni on the catalyst surface, high thermal stability, high conversion of reactants, and high yield [50]. Among the mesoporous supports that have been reported in recent years are meso-ZrO2 [51], meso-Al2O3 [52,53], meso-La2O3 [54], meso-SiO2 [55], SBA-15, MCM-41 [56], etc.



Other supports that have been used in recent years for Ni-based catalysts in dry reforming are plant-based polymers. These supports have excellent specifications such as low cost, high degradability, high mechanical strength, and controlled surface chemistry [5]. For example, Zou et al. employed a cellulose-based Ni/Al2O3 catalyst as a promising catalyst support for hydrogen production [57].





4. Conclusions and Future Perspectives


The systematic review and meta-analysis using the combination of ANNs and DE were conducted to predict hydrogen production in catalytic dry reforming from 50 articles, including 100 studies. The role of the DE was to determine the topology of the ANNs (number of hidden layers and neurons in each hidden layer). The ANN was trained using the Adam algorithm. The implementation of this methodology was performed in Python, and different libraries such as Numpy, Pandas, and Keras were used to create, load, and train the topologies identified by the DE algorithm. The best model obtained for the considered three target factors (hydrocarbon conversion, hydrogen yield, and stability test time) had an ARE lower than 3.36%, a fact which indicates good performance. Thus, it can be concluded that the applied methodology provided suitable models that can be further used to generate predictions.



In recent years, much research has been performed on catalytic dry reforming to improve catalyst effectiveness and resistance to coke formation. Various methods have been used to increase the yield of the catalyst including the use of appropriate preparation methods, the use of supports and promoters, the utilization of bimetallic catalysts, etc.



Future research should focus on the use of bimetallic catalysts, including those that are Ni and Co-based. These catalysts have shown high resistance to coke formation and have high calorific potential to provide reaction heat. A case that needs to be considered in future research is the catalyst particle size because catalysts with the appropriate particle size have better performance.



There is also a need for a special focus on the development of biomass cases as a support for the production of catalysts because these items are very cheap and readily available.
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Figure 1. The screening of articles for hydrogen production in catalytic dry reforming according to PRISMA. 






Figure 1. The screening of articles for hydrogen production in catalytic dry reforming according to PRISMA.



[image: Energies 14 02894 g001]







[image: Energies 14 02894 g002 550] 





Figure 2. Schema of the ANN-based modeling. 
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Figure 3. Comparison between the predictions and the experimental data in the testing case for conversion. 
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Figure 4. Comparison between the predictions and the experimental data in the testing case for stability. 
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Figure 5. Comparison between the predictions and the experimental data in the testing case for yield. 
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Figure 6. H2 and CO yields for dry reforming of methane at 400 °C and GHSV of 7200 mL h−1 gcat−1 after the first 10 h (black bars) and 100 h (gray bars). Adapted with permission from Ref. [44]. 
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Table 1. Statistics of the models obtained for each target factor.
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Target Factor

	

	
Training

	
Validation

	
Topology




	
MSE

	
ARE

	
MSE

	
ARE






	
Conversion

	
Best

	
0.011

	
0.084

	
0.05

	
0.169

	
13:22:10:01




	
Worst

	
0.407

	
0.529

	
0.736

	
0.634

	
13:7:14:6:01




	
Average

	
0.132

	
0.269

	
0.223

	
0.319

	
-




	
Stability

	
Best

	
0.001

	
0.027

	
0.002

	
0.044

	
13:23:01:01




	
Worst

	
0.383

	
0.514

	
0.775

	
0.867

	
13:24:01




	
Average

	
0.080

	
0.142

	
0.164

	
0.237

	
-




	
Yield

	
Best

	
0.0001

	
0.015

	
0.001

	
0.02

	
13:18:01




	
Worst

	
0.017

	
0.111

	
0.07

	
0.234

	
13:06:01




	
Average

	
0.009

	
0.068

	
0.023

	
0.104

	
-
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