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Abstract
Hydrogen energy has been considered as one of the solutions to achieve the net-zero emission scenario by 2050. Steam methane reforming is a widely used industrial process for producing hydrogen from natural gas or methane nowadays. Considering that methane could be utilized as a suitable carrier for hydrogen energy, it is anticipated that steam methane reforming will still play an important role in the future energy sector when it comes to hydrogen production, storage, and transportation. In this work, a one-dimensional dynamic model is established to simulate the performance of an auto-thermal reforming reactor, which allows for capturing the localized phenomena inside the reactor over time. A set of input parameters is selected based on the Latin Hypercube Sampling method to generate the training data for the surrogate model development. Singular value decomposition and Gaussian Process regression are then implemented on the training data to construct a surrogate model of the reformer. This surrogate model is subsequently utilized in the optimization process to enhance hydrogen production and lower the maximum catalyst temperature within the reactor. The results show that the surrogate model, developed by using singular value decomposition and Gaussian Process, exhibits a high level of accuracy when compared to the physics-based reformer model. Furthermore, the optimization framework built upon surrogate modelling offers the potential to substantially reduce the computational expenses associated with the optimization process, while preserving the precision of the optimization results. This method could efficiently serve as a tool for parameters optimization of such reactors and could be used to guide the operation of these systems toward improved performance.
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Introduction
[bookmark: _Hlk147392577]Hydrogen finds extensive utilization in many critical industrial processes, including but not limited to petroleum refining, the production of methanol, and the synthesis of ammonia (Kojima and Tahara, 2001). Hydrogen is also a clean energy carrier and has great potential to help decarbonize a range of hard-to-abate sectors, including long-haul transport, chemicals, and iron and steel (Noussan et al., 2020). Today, hydrogen production is still dominated by natural gas reforming (Younas et al, 2022). Given the increasing attention on the Power-to-Methane concept (Blanco et al, 2018), it is envisaged that methane reforming will persist in maintaining an important role in the processes of hydrogen production and utilization.
Autothermal reforming (ATR) combines the steam reforming reaction and partial oxidation reaction into a single unit (Lamb et al, 2020). In this process, the exothermic partial oxidation of methane generates the necessary heat to support the endothermic methane reforming reactions (Brett et al, 2012). Optimization and simulation are widely adopted approaches to obtain insights into the complicated heat and mass transfer process coupled with chemical reactions inside the reactor (Wang et al., 2021). Simulation conducted within at least a one-dimensional (1D) domain is imperative for capturing localized phenomena within the reactor. This necessity, particularly when integrated with optimization algorithms demanding iterative processes, increases the computational cost and makes it unfavorable for implementation. 
In this work, a dynamic 1D model of an auto-thermal reforming reactor is established by solving the governing heat and mass transfer equations, coupled with chemical reactions within the ATR process. A surrogate model built on singular value decomposition (SVD) and Gaussian Process (GP), by using the training data obtained from different operating parameters, is developed to reduce the computational cost of simulation with the capability to capture the localized phenomena inside the reactor. Subsequently, a multi-objective Genetic Algorithm is applied to the surrogate model for the purpose of optimizing the autothermal reforming process. The proposed approach holds promise for efficient and effective exploration of optimal operating parameters of the ATR process with enhanced computational efficiency.
Dynamic modelling of ATR reactor
A one-dimensional dynamic ATR reactor model accounting for mass transfer in solid and gas phases, and heat transfer across the entire reactor is constructed. Only those dominating reactions in the overall ATR process are considered in this work. The main chemical reactions used in the simulation are shown below:
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The rate equations for total oxidation reaction (R1), water-gas shift reaction (R2), and steam methane reforming reactions (R3, R4) based on Langmuire Hinshelwood methodology are given below, according to Xu and Froment (1989). 
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Where R is the reaction rate; P is the partial pressure of gas specie; k denotes the Arrhenius kinetic parameters;  ,  are the reaction equilibrium constants; , , , , , are the Van’t Hoff parameters for species adsorption. More details about these parameters are available in Halabi et al. (2008). According to energy and mass balance, the governing equations in the ATR reactor can be summarized as follows:
In the gas phase:
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In the solid phase:
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Where  is the average gas viscosity;   denotes the concentration of gas species in the mainstream;  is the concentration of gas component i in the catalyst;  is the bed porosity;  and  are the density of catalyst and gas mixture respectively;  and  are the heat capacity of gas mixture and catalyst;  is the external surface area per unit volume of catalyst bed;  is the gas to solid mass transfer coefficient of component i;  is the axial dispersion coefficient;  is the effective thermal conductivity;  is the rate of formation or consumption of species i;  is the gas to solid heat transfer coefficient; the  is the reaction heat of reaction j;  denotes the effectiveness factor of reaction j;  denotes the rate of reaction j. More details about the parameters used in the governing equations, and the geometric parameter of the ATR reactor can be found in De Smet et al. (2001).
Based on the governing equations established above, finite volume method is employed to discretize these partial differential equations and solve them in Matlab/Simulink environment. The entire domain along the reactor length is divided into 200 intervals to obtain the independent results of discretization.
Surrogate-based modelling and optimization
In this work, the training data matrix, M, for surrogate model development is obtained from the results (catalyst temperature distribution and H2 composition distribution) of the physics-based ATR model under a range of inlet parameters. The inlet parameters investigated in this study are shown in table 1.



Table 1 selected inlet parameters for the ATR model
	Inlet parameters
	Range (which are also the boundary constraints for optimization)

	Steam to carbon ratio
	2.0 - 6.0

	Oxygen to carbon ratio
	0.1 - 1.0

	Inlet gas temperature
	673 - 973 K

	Inlet gas mass flowrate
	0.1 - 0.55 kg/(m2s)


To effectively explore the parameter space, Latin hypercube sampling is employed to obtain training data from a range of inlet parameters (Chen et al., 2017). After obtaining the data from the physics-based ATR model, the training data matrix is decomposed to find the principal components (PCs) by using singular value decomposition (SVD), which is illustrated by equation (14). 
	
	(14)


Here, U and V are left- and right-singular vectors of matrix M, and = diag (s1, s2, ..., sn) indicates singular values of the data matrix. Then, the ith row of  could be considered as the ith principal components of the training data matrix with a principal score as si. The training data can be represented as the linear combination of all the principal components. 
After identifying the PCs, Gaussian Process (GP) prediction, also known as Kriging prediction, is used to predict the PC scores based on different inlet parameters. More details about the Gaussian Process prediction can be found in our previous work (Chen et al., 2022). The surrogate ATR reactor model is then constructed by using SVD to identify the PCs and by using GP prediction to predict the PC scores. 
[image: A diagram of a process

Description automatically generated]
Figure 1 Process diagram of the surrogate-based optimization
Once the surrogate model is established, Multi-objective Genetic Algorithms will be applied to optimize the performance of the ATR reactor. In this work, maximum catalyst temperature and outlet H2 composition are considered as the two objective functions for the optimization (Maximize H2 composition, minimize catalyst temperature). It is worth noting that after each optimization, the obtained optimal results will be compared with the results from the physics-based model. The new data generated from the physics-based model will be added to the training data to update the surrogate model until results converge. The entire process diagram of the surrogate-based optimization is illustrated in Figure 1.
Results and discussion
The initial training data size was set at 320 in this work. LHS was then performed on the parameter space to select inlet parameters for the physics-based ATR model to obtain training data. By using SVD to decompose the training data matrix, the principal components of the catalyst temperature distribution profile and H2 composition distribution profile are identified. Figure 2 shows the 2 most important PCs of the catalyst temperature distribution profile, which captures 98% of the variation in the training data.
 
Figure 2 The first 2 principal components of the catalyst temperature profile


Figure 3 Pareto front obtained from surrogate-based optimization and the comparison of results predicted by the surrogate model and the physics-based model for Point I in the Pareto front.
Figure 3 shows the Pareto front obtained from the surrogate-based optimization. It is noted from the Pareto front that, to increase the H2 composition at the reactor outlet, the cost would be the increase of the catalyst temperature, which might lead to higher degradation of the catalyst. As shown in the right of Figure 3, the surrogate model shows good accuracy in predicting the H2 composition distribution profile and catalyst temperature distribution profile across the ATR reactor. 
Conclusions
A surrogate-based modelling and optimization framework is proposed in this work to improve the performance of an ATR reactor. The surrogate model built on SVD and GP could considerably reduce the computation cost of optimization without losing the capability to capture the localized phenomena across the reactor. Combined with the Multi-objective Genetic Algorithm, this approach could serve as a tool for parameters optimization of such reactors and could be used to guide the operation of these systems toward improved performance.
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