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ABSTRACT 
This study presents the application of a Q-learning algorithm to optimize the selection of chemical 
reactions for methane reforming processes. Starting with a set of 11 candidate reactions, the al-
gorithm identified three key reactions. These reactions effectively represent the experimental data 
while aligning with the underlying physics of the process and previously reported findings. The 
algorithm employed an epsilon-greedy policy to balance exploration and exploitation during the 
training process. Furthermore, simulations based on the identified reactions revealed trends con-
sistent with experimental data. This work highlights the efficiency and adaptability of Q-learning 
in modeling complex catalytic systems and provides a framework for further exploration and opti-
mization of methane reforming processes. 
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INTRODUCTION 
Methane reforming is one of the key technologies 

for hydrogen production, an essential energy carrier in 
the transition toward cleaner energy systems. This pro-
cess involves a series of simultaneous and coupled 
chemical reactions, among which Methane Steam Re-
forming (MSR) and the Water Gas Shift (WGS) reaction 
are particularly noteworthy. However, the complex and 
highly nonlinear nature of these reactions poses a signif-
icant challenge for process modeling and optimization. 

Traditionally, kinetic models used to describe such 
processes are based on a fixed set of reaction rate equa-
tions derived from the Arrhenius equation. While this ap-
proach has proven effective in many cases, it can be lim-
ited when dealing with systems where operating condi-
tions or predominant reaction pathways change signifi-
cantly, such as in catalytic reforming in refineries, hy-
drodesulfurization, and fluid catalytic cracking (FCC). In 
this context, there is a need for tools capable of dynami-
cally identifying the most relevant combinations of reac-
tions to represent experimental data [1]. 

Reinforcement learning algorithms, such as Q-learn-
ing, offer a novel and powerful approach to tackle this 

problem [2]. These techniques enable the exploration 
and exploitation of potential solution spaces, iteratively 
learning optimal decisions based on a defined reward 
function. For methane reforming, the use of Q-learning 
facilitates the selection of reactions that best describe 
experimental data under varying temperature conditions, 
while simultaneously optimizing the associated kinetic 
constants. 

This work describes the implementation of a Q-
learning algorithm to identify the key reactions within an 
initial set of 11 reactions considered relevant for methane 
reforming. Based on this selection, the algorithm fits the 
experimental data using a model grounded in the Arrhe-
nius equation. 

This methodology not only contributes to a better 
understanding of the most significant reaction pathways 
but also opens new possibilities for optimizing the design 
and operation of complex catalytic processes. 

METHODOLOGY 

Q-Learning Framework 

To optimize reaction pathways, a framework based on 
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reinforcement learning is adopted, utilizing a Q-learning 
process, as illustrated in Fig. 1. A ϵ-greedy policy is 
defined due to its ability to balance exploration and 
exploitation. This approach allows the agent to explore 
new actions with a probability controlled by the epsilon 
(ϵ) parameter while prioritizing actions with known 
rewards as learning progresses. This helps avoid 
suboptimal solutions that could arise from premature 
exploitation of the environment. 

 
Figure 1. Proposed Methodology to select reactions. 

This method relies on the iterative updating of Q val-
ues using the equation: 

Q(s, a) ← Q(s, a) + α �r + γmax
a′

Q (s′, a′) − Q(s, a)� (1) 

Based on this equation, the parameters α, γ, and ϵ 
must be defined considering the following criteria: 

The learning rate (α) controls how much the 𝑄𝑄(𝑠𝑠, 𝑎𝑎) 
values are updated in each iteration. A low α ensures that 
updates are gradual, reducing the risk of abrupt oscilla-
tions in 𝑄𝑄(𝑠𝑠, 𝑎𝑎). However, this may slow down conver-
gence. This parameter directly affects the adjustment 
term: 

α �𝑟𝑟 + γmax
𝑎𝑎′

𝑄𝑄 (𝑠𝑠′,𝑎𝑎′) − 𝑄𝑄(𝑠𝑠, 𝑎𝑎)�  (2) 

The parameter ϵ defines the exploration probability. 
At the beginning of the learning process, a high ϵ encour-
ages exploration of the state space to avoid suboptimal 
local solutions. During training, the value of ϵ is 

dynamically adjusted according to: 

𝜖𝜖𝑖𝑖+1 = �𝜖𝜖𝑖𝑖 ∗ 0.99, 𝑖𝑖 < 10
0.1, 𝑖𝑖 ≥ 10   (3) 

This adjustment allows for a controlled transition 
from an intensive exploration phase to more consistent 
exploitation in the final stages of training. 

 
The discount factor (𝛾𝛾) determines the weight of fu-

ture rewards. A high 𝛾𝛾 prioritizes long-term rewards, fa-
voring globally optimal strategies. This parameter affects 
the term: 

αγmax
𝑎𝑎′

𝑄𝑄 (𝑠𝑠′,𝑎𝑎′)    (4) 

The values of the parameters used in this work for 
the Q-learning algorithm are summarized in Table 1. 

Table 1: Q-learning Selected Parameters. 

Parameter Value 
Episodes  

α  
εin  
𝛾𝛾  

 

This parameter configuration is designed to achieve 
a balance between learning stability, initial exploration, 
and efficient exploitation in advanced stages. 

Experimental Data 
The experimental data used in this work were re-

ported by Akers et al. [3] This dataset consists of five 
runs. The first four runs were conducted at the same 
temperature, varying the methane-to-water feed ratio. 
The experiments were performed at different reaction 
times. The reaction time for methane is directly propor-
tional to the amount of catalyst and inversely proportional 
to the methane feed rate. This reaction time is expressed 
as a time factor, defined as the weight of the catalyst di-
vided by the natural gas feed rate, expressed in moles 
per second. 

Table 2: Experimental Sets Conditions 

Set T [K] Input molar ratio �H2O
CH4

� W/Fmax�𝑘𝑘𝑘𝑘∙𝑠𝑠𝑚𝑚𝑚𝑚𝑚𝑚
� 

   × - 
   × - 
   × - 
   × - 
   × - 
   × - 
   × - 
   × - 

 
The fifth run aims to highlight the effect of temper-

ature. For this purpose, the feed ratio and reaction time 
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were kept constant, while the temperature varied. A sum-
mary of the experimental data is presented in Table 2. 

Since the catalyst was not used for more than 5 
hours, its activity is assumed to remain constant for all 
runs conducted at the same temperature. 

A total of 188 experimental data points is available, 
corresponding to the partial pressures of the compo-
nents (CH4, H2O, CO2, H2, and CO). While this may appear 
to be a relatively small dataset, the use of first-principles 
models in combination with Q-learning algorithms is ex-
pected to yield optimal results. Moreover, the use of ex-
perimental data reduces potential errors associated with 
simulated data points and ensures that the selection of 
reaction pathways is not biased by the predefined con-
ditions of simulated datasets.  

Kinetics Model 
In the methane reforming process, a detailed kinetic 

model is essential to understand the reaction dynamics. 
This model considers a network of 11 reactions 

The equilibrium constant for each reaction is deter-
mined as a function of temperature. Specifically, for each 
reaction 𝑗𝑗, the equilibrium constant is expressed as: 

𝐾𝐾eq,𝑗𝑗 = 𝐴𝐴𝑗𝑗 ⋅ exp �−
∆𝐻𝐻𝑗𝑗

°

𝑅𝑅𝑅𝑅
�   (5) 

where 𝐴𝐴𝑗𝑗 is a pre-exponential factor related to the stand-
ard entropy change (Δ𝑆𝑆𝑗𝑗∘), ∆𝐻𝐻𝑗𝑗° is the standard enthalpy 
change, 𝑅𝑅 is the universal gas constant, and 𝑇𝑇 is the tem-
perature in Kelvin. The data for the equilibrium constants 
used in this model are compiled in Table 3, which in-
cludes values reported by various authors [3-8]. 

The reaction rate for each reversible reaction  𝑗𝑗 is 
given by: 

𝑟𝑟𝑗𝑗 = 𝑘𝑘𝑓𝑓,𝑗𝑗 ∏ 𝑃𝑃𝑖𝑖
ν𝑖𝑖,𝑗𝑗

𝑖𝑖 − 𝑘𝑘𝑟𝑟,𝑗𝑗 ∏ 𝑃𝑃𝑖𝑖
ν𝑖𝑖,𝑗𝑗
′

𝑖𝑖    (6) 

where 𝑘𝑘𝑓𝑓,𝑗𝑗 and 𝑘𝑘𝑟𝑟,𝑗𝑗 are the forward and reverse rate coef-
ficients, respectively, and 𝑃𝑃𝑖𝑖 is the partial pressure of 
component 𝑖𝑖. The term ν𝑖𝑖,𝑗𝑗 represents the stoichiometric 
coefficients of the reactants, while ν𝑖𝑖,𝑗𝑗′  represents those 

of the products in reaction 𝑗𝑗. The forward rate constant 
𝑘𝑘𝑓𝑓,𝑗𝑗 is calculated using the Arrhenius equation: 

𝑘𝑘𝑓𝑓,𝑗𝑗 = 𝐴𝐴𝑓𝑓,𝑗𝑗 ⋅ exp �−𝐸𝐸𝑓𝑓,𝑗𝑗

𝑅𝑅𝑅𝑅
�   (7) 

where 𝐴𝐴𝑓𝑓,𝑗𝑗 is the pre-exponential factor and 𝐸𝐸𝑓𝑓,𝑗𝑗 is the ac-
tivation energy for the forward reaction. These parame-
ters 𝐴𝐴𝑓𝑓,𝑗𝑗 and  𝐸𝐸𝑓𝑓,𝑗𝑗, which are crucial for determining the 
forward reaction rates, are calculated through an optimi-
zation process, as described in the "Parameter Estima-
tion" section of this work. 

The reverse rate constant 𝑘𝑘𝑟𝑟,𝑗𝑗 is related to the for-
ward rate constant and the equilibrium constant 𝐾𝐾eq,𝑗𝑗 by: 

𝑘𝑘𝑟𝑟,𝑗𝑗 = 𝑘𝑘𝑓𝑓,𝑗𝑗

𝐾𝐾eq,𝑗𝑗
     (8) 

The rate law thus accounts for both the forward and 
reverse reactions, and the overall reaction rate depends 
on the partial pressures of the species involved in each 
reaction. 

To maintain mass balance across the system, the 
rate of change of the partial pressure of any component 
𝑖𝑖 is described by a mass balance equation: 

𝑑𝑑𝑃𝑃𝑖𝑖
𝑑𝑑� 𝑊𝑊

𝐹𝐹CH4
�

= ∑ ν𝑖𝑖,𝑗𝑗𝑟𝑟𝑗𝑗11
𝑗𝑗=1     (9) 

where 𝑊𝑊 is the catalyst mass, 𝐹𝐹CH4 is the molar flow rate 
of methane, and ν𝑖𝑖,𝑗𝑗 is the stoichiometric coefficient of 
component 𝑖𝑖 in reaction  𝑗𝑗. The set of equations for all 
components is solved simultaneously to predict the evo-
lution of the partial pressures over time and catalyst 
mass. 

Additionally, a Q-learning algorithm is used to opti-
mize the reaction set. This optimization process dynami-
cally selects which reactions from the set of 11 should be 
included or excluded from the kinetic model. The goal is 
to identify the reactions that best represent the methane 
reforming phenomena, based on experimental or simu-
lated data.  

Parameter Estimation 

Table 3: Reaction set and its Equilibrium Function [8]. 

I Reaction Kpi Dimensions 
1 𝐶𝐶𝐶𝐶4  +  𝐻𝐻2𝑂𝑂 ↔  𝐶𝐶𝐶𝐶 +  3𝐻𝐻2  1.1669 × 1013 exp(-26380/T) (atm)2 
2 𝐶𝐶𝐶𝐶 +  𝐻𝐻2𝑂𝑂 ↔  𝐶𝐶𝐶𝐶2  +  𝐻𝐻2  1.767 × 10-2 exp(4400/T) (atm)0 
3 𝐶𝐶𝐶𝐶4  +  2𝐻𝐻2𝑂𝑂 ↔  𝐶𝐶𝐶𝐶2  +  4𝐻𝐻2  2.0620 × 1011 exp(-22430/T) (atm)2 
4 𝐶𝐶𝐶𝐶4  +  𝐶𝐶𝐶𝐶2  ↔  2𝐶𝐶𝐶𝐶 +  2𝐻𝐻2  6.6038 × 1014 exp(-31230/T) (atm)2 
5 𝐶𝐶𝐶𝐶4  +  3𝐶𝐶𝐶𝐶2  ↔ 4𝐶𝐶𝐶𝐶 +  2𝐻𝐻2𝑂𝑂  2.1136 × 1018 exp(-40030/T) (atm)2 
6 𝐶𝐶𝐶𝐶4  ↔  𝐶𝐶 +  2𝐻𝐻2  4.1066 × 105 exp(-10614/T) atm 
7 2𝐶𝐶𝐶𝐶 ↔  𝐶𝐶 +  𝐶𝐶𝐶𝐶2  5.8201 × 10-10 exp(20634/T) (atm)-1 
8 𝐶𝐶𝐶𝐶 +  𝐻𝐻2  ↔  𝐶𝐶 +  𝐻𝐻2𝑂𝑂  3.215 × 10-8 exp(16318/T) (atm)-1 
9 𝐶𝐶𝐶𝐶2  +  2𝐻𝐻2  ↔  𝐶𝐶 +  2𝐻𝐻2𝑂𝑂  1.7762 × 10-6 exp(12002/T) (atm)-1 
10 𝐶𝐶𝐶𝐶4  +  2𝐶𝐶𝐶𝐶 ↔  3𝐶𝐶 +  2𝐻𝐻2𝑂𝑂  4.2455 × 10-10 exp(22022/T) (atm)-1 
11 𝐶𝐶𝐶𝐶4  +  𝐶𝐶𝐶𝐶2  ↔  2𝐶𝐶 +  2𝐻𝐻2𝑂𝑂  0.730 exp(1388/T) (atm)0 
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The parameter estimation process involves solving 
the system of differential equations that describe the me-
thane reforming reactions and adjusting the model pa-
rameters to best fit the experimental data. In particular, 
the activation energy (𝐸𝐸𝑎𝑎) and the pre-exponential factor 
(𝐴𝐴) of the forward reaction rate constants were estimated 
through optimization. To solve this system, it was used 
the odeint function from the scipy.integrate pack-
age in Python, with the LSODA integrator. 

The objective function used to guide the optimiza-
tion process is the residual sum of squares (RSS) of the 
partial pressures. The RSS is calculated as: 

RSS = ∑ ∑ �𝑃𝑃𝑖𝑖,𝑗𝑗
exp − 𝑃𝑃𝑖𝑖,𝑗𝑗calc�

2
𝑁𝑁
𝑖𝑖=1

𝑀𝑀
𝑗𝑗=1    (10) 

where 𝑃𝑃𝑖𝑖,𝑗𝑗
exp and 𝑃𝑃𝑖𝑖,𝑗𝑗calc are the experimental and calculated 

partial pressures of component 𝑖𝑖 in condition 𝑗𝑗, respec-
tively, and 𝑁𝑁 is the number of components, while 𝑀𝑀 is the 
number of conditions. This function serves as the reward 
function for the Q-learning process, where the goal is to 
minimize the discrepancy between experimental and 
model-predicted partial pressures. 

The optimization process is carried out using the 
minimize function from the scipy.optimize library, 
with the L-BFGS-B algorithm [9-10]. 

The initial values for the parameters 𝑨𝑨 and 𝑬𝑬𝒂𝒂 are 
defined based on the literature. Moreover, the values of 
𝑨𝑨 and 𝑬𝑬𝒂𝒂 are constrained to be positive, as negative val-
ues are physically meaningless in the context of reaction 
kinetics. 

In addition to the parameter optimization, a mecha-
nism is incorporated to optimize a set of parameters de-
fined by a vector that activates or deactivates the reac-
tions to be considered in the kinetic model, it ensures that 
the optimizer adjusts only the parameters corresponding 
to the active reactions. This is advantageous because it 
reduces the dimensionality of the parameter space, al-
lowing the optimizer to focus on the relevant reactions.  

This approach is particularly useful as the Q-learn-
ing algorithm subsequently refines the reaction set, se-
lecting the most appropriate reactions based on experi-
mental data.  

RESULTS & DISCUSSION 

Evaluation of Reaction Set Combinations 
All possible reaction subsets were evaluated, cov-

ering every combination from single reactions to the full 
set of 11 reactions, leading to a total of 2048 cases.  

The evaluation of all these combinations provides a 
comprehensive analysis of the different reaction sets, 
enabling the identification of the most suitable configu-
ration to describe the methane reforming process. By 
evaluating every possible combination, it is possible to 
directly assess the performance of each reaction set 

based on how well it matches the experimental data. 
However, this exhaustive approach comes with signifi-
cant computational costs, especially as the number of re-
actions increases.  

 
Figure 2. Combinatorial Errors from Reaction Set. 

The Fig. 2 shows the evaluation of 2048 reaction set 
combinations, with each combination indexed on the x-
axis and the corresponding residual sum of squares (RSS) 
on the y-axis. The RSS value indicates the accuracy of 
the model, with lower values representing a better fit to 
the experimental data. 

The yellow-highlighted combination, with an RSS of 
0.5163, is the optimal set, providing the best fit to the 
data. This combination represents the most accurate 
model of the methane reforming process among all eval-
uated sets. 

The variation in RSS values illustrates the differing 
performance of the reaction sets, with most combina-
tions yielding higher RSS values, indicating poorer fits. 
This emphasizes the importance of selecting the correct 
reaction set to accurately model the system. 

Q-Learning Optimization Results 
Fig.3 illustrates the evolution of the best error 

achieved during the Q-learning training as a function of 
the number of iterations (11 iterations per episode). It is 
observed that the best error is reached after approxi-
mately 40 iterations, after which no further improve-
ments are identified. 

 
Figure 3. Best Error in training Q-learning. 
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This behavior suggests that the algorithm con-
verges to the optimal set of reactions during the early 
stages of training, coinciding with episodes where the 
epsilon parameter (exploration) is high. As training pro-
gresses and epsilon decreases, the algorithm prioritizes 
exploiting the learned solutions, explaining the absence 
of better error values beyond this point. 

The early convergence indicates that the method is 
efficient in rapidly identifying the most representative re-
action combinations, offering significant advantages in 
terms of computational time and resource requirements 

The Q-learning algorithm identified three key reac-
tions from the initial set of 11 that best describe the me-
thane reforming process reported in table 5. 

Table 4: Active Reaction Selected by Q-learning. 

Reaction Active Value 
𝐶𝐶𝐶𝐶4  +  𝐻𝐻2𝑂𝑂 ↔  𝐶𝐶𝐶𝐶 +  3𝐻𝐻2   
𝐶𝐶𝐶𝐶 +  𝐻𝐻2𝑂𝑂 ↔  𝐶𝐶𝐶𝐶2  +  𝐻𝐻2   
𝐶𝐶𝐶𝐶4  +  𝐶𝐶𝐶𝐶2  ↔  2𝐶𝐶 +  2𝐻𝐻2𝑂𝑂   
 
The first selected reaction is the Methane Steam 

Reforming (MSR) reaction, which serves as the primary 
pathway for hydrogen production by breaking down me-
thane in the presence of steam. It is an endothermic re-
action that sets the foundation for subsequent reaction 
pathways, the second is known as the Water Gas Shift 
(WGS) reaction, this exothermic reaction increases hy-
drogen yield while reducing carbon monoxide levels. It 
plays a crucial role in balancing the overall hydrogen and 
carbon species in the system, the third selected reaction 
leads to the formation of carbon deposits while consum-
ing hydrogen and carbon dioxide. Its activation highlights 
the algorithm's ability to capture critical secondary ef-
fects that may influence the overall process, especially in 
systems prone to carbon formation. 

The selection of these reactions demonstrates the 
algorithm's effectiveness in capturing the fundamental 
and secondary processes necessary for accurately 

modeling the methane reforming system. These reac-
tions collectively represent the dominant pathways for 
hydrogen generation and associated carbon transfor-
mations under the studied conditions. 

The Table 5 presents kinetic constants for the for-
ward and reverse reactions of steam methane reforming 
(SMR), the water-gas shift reaction (WGS), and the reac-
tion of carbonization. The analysis reveals trends con-
sistent with thermodynamic expectations. 

For SMR, the equilibrium shifts towards hydrogen 
production as temperature increases, aligning with the 
reaction's endothermic nature. For WGS, the equilibrium 
shifts towards reactants with increasing temperature. 
This behavior is expected for an exothermic reaction, 
were higher temperatures disfavor product formation, as 
predicted by Le Chatelier's principle. 

For the carbonization reaction, the equilibrium simi-
larly shifts to the left at higher temperatures. The reac-
tion's exothermic nature favors the formation of carbon 
and water at lower temperatures. 

Simulation  
The Fig. 4 is a parity plot comparing the calculated 

partial pressures to experimental values for all species. 
The results reveal a consistent underestimation of water 
conversion at higher temperatures and elevated methane 
feed ratios. This behavior is likely due to limitations in the 
kinetic model, which does not account for adsorption ef-
fects on the catalytic surface. Despite this underestima-
tion, the general production trends for all species remain 
consistent with experimental data, suggesting the model 
captures the qualitative behavior. 

The Fig. 5 presents a simulation of partial pressures 
as a function of W/F, which is analogous to reaction time. 
The model demonstrates a tendency to underestimate 
water conversion throughout the reaction path, con-
sistent with the observations in the parity plot. In con-
trast, hydrogen production is overestimated, particularly 
at intermediate and high W/F values. This discrepancy 

Table 5: Kinetic Coefficients from Selected Reactions. 

T(K) �
mol

atm ∙ kg ∙ s� SMR WGS Carbonization 

609.26 kf 1.209 × 103 4.007 × 104 5.767 × 101 
kr 6.601 × 108 * 1.656 × 103 8.095 × 100 

671.48 kf 1.429 × 103 4.007 × 104 5.767 × 101 
kr 1.412 × 107 * 3.234 × 103 9.997 × 100 

723.15 kf 1.607 × 103 4.007 × 104 5.767 × 101 
kr 9.586 × 105 * 5.166 × 103 1.159 × 101 

779.26 kf 1.792 × 103 4.007 × 104 5.767 × 101 
kr 7.734 × 104 * 8.006 × 103 1.331 × 101 

910.92 kf 2.198 × 103 4.007 × 104 5.767 × 101 
kr 7.112 × 102 * 1.811 × 104 1.721 × 101 

  ∗→ �
mol

atm3 ∙ kg ∙ s�   
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may arise from the same model limitations, including the 
omission of adsorption dynamics and potential inaccura-
cies in reaction rate parameters. 

 
Figure 4. Parity Plot of Simulated Partial Pressures. 

Nevertheless, the shapes of the curves and their 
evolution with W/F align with experimental trends, indi-
cating the model adequately predicts the system’s dy-
namic behavior. These results suggest that while the 
model requires refinement to improve quantitative accu-
racy, it reliably captures the qualitative aspects of me-
thane reforming and hydrogen production under varying 
conditions. 

 
Figure 5. Simulation process with Active Reactions. 

CONCLUSIONS 
The implementation of the Q-learning algorithm suc-

cessfully identified the most relevant reactions to de-
scribe the methane reforming process. The selected re-
actions not only align with the physical principles of the 
process but also agree with previously reported studies, 
demonstrating the consistency and reliability of the ap-
proach. While the model accurately follows experimental 
trends, it exhibits a tendency to underestimate water 
conversion and overestimate hydrogen production at 
high temperatures and higher methane feed ratios. This 
limitation suggests that exploring alternative models 
could further enhance representativeness and predictive 
accuracy. 
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