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ABSTRACT 
Ammonia synthesis is vital for fertilizer production, but the traditional Haber-Bosch process is energy-
intensive and environmentally burdensome due to its high-temperature and high-pressure operations. 
Plasma-catalytic ammonia synthesis offers a sustainable alternative, generating large datasets under 
various experimental conditions. To optimize energy efficiency, we established a database with 305 
data points and 7 experimental parameters, each linked to its corresponding energy efficiency. We 
employed an Extreme Gradient Boosting (XGBoost) regression tree model, achieving an average R² 
value of 0.9434 for predictions. Bayesian Optimization (BO), using Gaussian Process Regression as a 
surrogate model, systematically explored the experimental parameter space. It utilized XGBoost 
predictions to identify parameter combinations that maximized energy efficiency. After 50 iterations, 
the optimal parameters were identified: 6.4 g catalyst mass, 50 mm grounding electrode length, nickel 
metal catalyst, Al₂O₃ catalyst support, 5 W power, 160 ml·min⁻¹ flow rate, and a 1:2 feed ratio. Under 
these conditions, the energy efficiency of plasma-catalytic ammonia synthesis improved to 1.49 
g·kW·h⁻¹, a 22.1% increase from the highest value of 1.22 g·kW·h⁻¹ in the dataset. 

Keywords: Plasma Catalysis, Ammonia Synthesis, Dielectric Barrier Discharge, Bayesian Optimization 
(BO), Gradient boosting regression tree 
 

1. Introduction 

Ammonia is one of the most important chemical substances in modern society and is an important 
raw material for the synthesis of many products [1]. It is widely used in many ϐields such as 
petrochemicals, pharmaceuticals, light industry, etc., and its direct downstream products are 
numerous, such as inorganic nitrogen salts, polyurethane, butyl rubber and its derivatives, etc., of 
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which nitrogen fertilizers are one of the most important products [2-4]. In addition, ammonia is a very 
potential new energy carrier, liquid ammonia has more advantages of high caloriϐic value of 
combustion, no emission of greenhouse gases and no pollution, which is a green, new type of 
alternative fuel and will become one of the extremely important sustainable energy sources in the 
future [5-8]. Nitrogen is a necessary element for the synthesis of ammonia, however, the nitrogen 
molecule is very stable, resulting in the fact that nitrogen in the air cannot be directly converted and 
utilized by most living organisms, thus prompting the research and development of artiϐicial nitrogen 
ϐixation [9-11]. 

Ammonia industry is a traditional industry with a hundred-year history, but it is also closely related 
to new industries such as new coal chemical industry and clean energy [12-13]. As the global energy 
and environmental conϐlicts continue to intensify, the ammonia industry is also facing the pressure of 
reform, and it is an important way to improve the resource utilization rate and enhance energy saving 
and emission reduction [14-15]. The industrial synthesis of ammonia by the Haber-Bosch method, 
which requires high temperature and high pressure and is carried out under the action of iron-based 
catalysts, not only has harsh reaction conditions, but also large-scale production is accompanied by a 
large amount of energy consumption and greenhouse gas emissions, which has a huge impact on the 
environment and economic development [16-19]. Therefore, the exploration of new sustainable 
nitrogen ϐixation pathways is very necessary. 

Due to the harsh reaction conditions of the Haber-Bosch method, which requires high temperatures 
and pressures, as well as environmental problems, other methods for ammonia synthesis have been 
developed, mainly including photocatalytic, electrochemical, and plasma methods. Photocatalytic 
reaction conditions are milder, generally at room temperature and pressure, and the raw materials are 
mainly from air and water, and energy is provided by a UV-visible light source, which is a green 
chemical method [20-21]. Zhang, S. et al. presented the research progress and evaluation tools for 
photocatalytic ammonia synthesis, proposed effective photocatalytic materials as well as reactor 
design strategies, and also provided practical guidelines for performance evaluation of catalysts and 
ammonia detection methods [22]. Ithisuphalap, K. et al. showed that photochemical synthesis of 
nitrogen reduction is a sustainable method for ammonia production and addressing the material, 
structural and morphological defects faced by the photocatalysts in this reaction is the main challenge 
to improve the photoreduction performance of nitrogen [23]. Shi, Y. et al. explored the design and 
preparation paradigm of catalysts in photocatalytic ammonia synthesis in terms of materials, 
structures, and reaction engineering with the aim of improving the reaction efϐiciency of 
photocatalytic ammonia synthesis [24]. Zhao, Z. et al. established a bimetallic organic framework to 
realize the decoupling of electron accepting and giving processes in photocatalytic ammonia synthesis, 
which is conducive to the activation of nitrogen chemical bonding activation energy, as well as the 
enhancement of photocatalytic activity [25]. However, due to the limitation of low nitrogen activity, 
the target product yield of photocatalytic ammonia synthesis is still far below the requirement in 
practical applications. 

Electrochemical synthesis of ammonia via nitrogen reduction reaction (NRR) driven by renewable 
energy sources under mild conditions is an attractive approach that has received a lot of attention in 
the last few years [26-27]. Yao, Y. et al. revealed that electrochemical synthesis of ammonia under mild 
conditions is based on the principle of converting renewable electrical energy into chemical energy in 
the form of ammonia, and that the synthesis efϐiciency of this process is affected by a number of factors 
such as catalytic material and reaction process [28]. Wu, T. et al. pointed out that electrochemical 
synthesis of ammonia not only has great economic and environmental beneϐits, but also has 
outstanding advantages in industrial production by reducing nitrogen-containing pollutants to 
produce ammonia [29]. Yang, J. et al. examined the electrochemical synthesis of ammonia gas in molten 
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salts to optimize the composition of ammonia and molten salts and to add suitable electrocatalysts to 
achieve an increase in the efϐiciency of ammonia synthesis from molten salts under scale-up conditions 
[30]. Kyriakou, V. et al. analyzed the application of electrochemical methods for ammonia synthesis in 
solid and liquid electrolyte cells and compared the techno-economic advantages and limitations of 
electrochemical methods compared to other methods, aiming to maximize the requirements for 
ammonia synthesis in industrial production [31]. Despite the progress made in the ϐield of 
electrochemical ammonia synthesis in the above studies, ϐinding more suitable catalysts or improving 
the activity, selectivity, and stability of the existing catalysts are the main challenges to be faced. 

Plasma synthesis of ammonia is considered to be a promising alternative to thermocatalytic 
ammonia synthesis because of the advantages of ultra-fast reaction time, mild reaction conditions, 
controllable reaction, and better integration with other technologies [32-33]. Zhu, X. et al. investigated 
the effect of different catalysts on the post-reaction ammonia yield and energy efϐiciency in a dielectric-
blocked discharge plasma reactor, and found that the structure of the catalytic and has a strong 
connection with the reaction performance of the plasma ammonia synthesis system [34]. Hosseini, H. 
focused on the advantages of non-thermal medium blocked discharge plasma in ammonia synthesis 
systems, which has a higher potential for application due to higher generation efϐiciency and energy 
efϐiciency compared to normal plasma ammonia synthesis systems, as well as facilitating the control 
of by-products [35]. Kim, H. H. et al. examined the ammonia synthesis reaction over a ruthenium 
catalyst by atmospheric pressure low-temperature plasma, and the efϐiciency of ammonia synthesis 
could be effectively improved by varying the gas ratio of the N2-H2 mixture as well as the temperature 
at which the reaction took place [36]. Sun, J. et al. illustrated the kinetic mechanism of nanosecond 
pulsed discharge plasma in an ammonia synthesis system, which improves the kinetic ammonia 
generation efϐiciency of the system by increasing the coupling of the catalyst and the plasma, as well 
as providing new insights into the roles of the excited state and the plasma-enhanced surface 
chemistry [37]. Rouwenhorst, K. H. et al. explored the green ammonia synthesis method under plasma-
driven conditions, investigated the ammonia synthesis mechanism under different plasma and 
presence or absence of catalyst conditions, respectively, and analyzed its limitations to provide a 
reference for the complexity of the ionophore-catalyzed ammonia synthesis reaction [38]. Non-
thermal plasma technology offers a promising pathway for ammonia synthesis, where plasma 
combined with catalysts can substantially increase the rate of ammonia synthesis as well as the energy 
yield. Therefore, optimization of the energy efϐiciency of plasma-catalyzed ammonia synthesis will 
play a very important role in guiding industrial ammonia production. 

In this paper, an optimization method combining BO and XGBoost models is proposed to determine 
the experimental parameter combination that maximizes the energy efϐiciency of plasma catalyzed 
ammonia synthesis in a limited experimental parameter space. A dataset of seven widely studied 
experimental parameters and their corresponding energy efϐiciency was constructed based on the 
literature screened from 2021 to 2024. The XGBoost model was trained using this data set to predict 
the energy efϐiciency of plasma catalyzed ammonia synthesis and then used to construct the BO 
objective function. By selecting the optimal proxy model and conducting 50 iterative searches, BO 
ϐinally identiϐies the experimental parameter combination that achieves the highest energy efϐiciency 
and veriϐies it with the dynamic model. Finally, the trained XGBoost model is used to explore the 
relationship between experimental parameters and energy efϐiciency to further verify the BO results. 

2. Method 

Figure 1 is the ϐlow chart of optimization of experimental parameters of plasma catalyzed ammonia 
synthesis combined with BO and XGBoost models. The method framework in this paper mainly 
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includes three steps: data processing, XGBoost model construction and BO iteration. First, the 
experimental data are collected and pre-processed to train the XGBoost model to predict the 
relationship between experimental parameters and energy efϐiciency. Secondly, BO iteration is used to 
optimize the energy efϐiciency based on the trained model. After the number of iterations is reached, 
the maximum energy efϐiciency and the corresponding experimental parameter combination are 
output. 

 

Fig. 1. Optimization Process for Experimental Parameters in Plasma Catalysis of Ammonia Synthesis Combining 
Bayesian Optimization and XGBoost Model 

2.1. Dataset construction 

This paper focuses on experimental studies using DBD reactors under normal temperature and 
pressure conditions, selects relevant literature from 2021 to 2024, and manually collects 7 widely 
studied experimental parameters and their corresponding energy efϐiciency data. In the end, a dataset 
of 305 data points and 8 parameters was built. 

2.1.1. Plasma-catalyzed synthetic ammonia reaction system. The database constructed in this paper 
is based on selected core literature on plasma catalyzed ammonia synthesis from 2021 to 2024. The 
experimental studies in these literatures all adopted DBD reactors under normal temperature and 
pressure conditions, and the reaction systems have a high degree of similarity, which ensures the unity 
and comparability of data sources. Figure 2 shows a schematic diagram of the reaction system. Plasma 
catalytic ammonia synthesis experiments were carried out in a DBD reactor, which was sealed by two 
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polytetraϐluoroethylene (PTFE) seals. The high voltage electrode is a stainless steel rod connected to 
the AC pulse power supply, and the ground electrode is a ϐixed length copper network outside the 
reactor. The voltage probe is used to monitor the relevant voltage, and the signal is recorded by the 
oscilloscope. When plasma catalyzed ammonia synthesis is carried out, the discharge area is ϐilled with 
catalyst or pure carrier. High purity nitrogen (99.999%) and hydrogen (99.999%) were pre-mixed at 
the corresponding ϐlow rate and introduced into the DBD reactor at atmospheric pressure for PCAS. 
Fourier transform infrared spectrometer was used to detect the composition and proportion of the gas 
products. Before the product gas entered the gas chamber of the spectrometer, the ϐlow rate of the 
product at the outlet of the reactor was measured by a ϐlowmeter. 

In this paper, the DBD reactor limited to normal temperature and pressure is selected for the 
following reasons. Firstly, the DBD reactor can produce non-equilibrium plasma efϐiciently, and the 
non-equilibrium interaction between its high-energy electrons and low-temperature ground state 
molecules helps to signiϐicantly reduce the activation energy of ammonia synthesis reaction. Secondly, 
compared with the traditional high-temperature and high-pressure reaction conditions, the DBD 
reactor is operated at normal temperature and pressure, which has low energy consumption, high 
safety, and easier to regulate and reproduce the experimental conditions. The most important is that 
the DBD reactor has strong adaptability and can ϐlexibly combine different catalysts and parameters, 
which provides an ideal platform for studying the mechanism of the synergistic interaction between 
plasma and catalyst. 

 

Fig. 2. Schematic Diagram of the Plasma-Catalyzed Ammonia Synthesis System 

2.1.2. Selection and acquisition of feature parameters. In the plasma catalyzed ammonia synthesis 
reaction system, many parameters affect the reaction process and system performance. In order to 
scientiϐically and reasonably select the parameters that can fully characterize the characteristics of the 
system, it is necessary to evaluate and analyze with the help of some key quantitative indicators. Power, 
speciϐic energy input and energy efϐiciency can reϐlect the energy input, distribution and 
transformation of the system, and provide a basis for the selection of characteristic parameters. Power 
is the key factor affecting energy input and reaction efϐiciency. The calculation formula is: 

 [ ]d extP W f C A    (1) 

The f   represents the pulse frequency of the power supply, the extC   is the capacitance of the 
external capacitor, and the A is the pulse period of the Lisa as a graphical area. 

The speciϐic energy input represents the energy received by the reactant per unit volume, which 
describes the distribution of the input energy in the reactant and affects the energy state of the 
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reactant molecule. Different speciϐic energy input will make the reactant molecule in different excited 
states, which plays an important role in the start and continuation of the reaction. The calculation 
formula is: 

   60
kJ / L dPSEI

Q


  (2) 

Q(mL/min) represents the total ϐlow rate of the premixed gas. 
Energy efϐiciency is the ratio of the mass (g) of ammonia produced by the synthesis of ammonia to 

the electricity consumed (kWh). A higher energy efϐiciency means that more ammonia products can 
be obtained for the same energy input. The calculation formula is: 

  
3NH

60 17
g / kWh

24 1000000 d

Q C
E

P

  


   (3) 

Where the coefϐicient "17" indicates the molar mass of the ammonia, and "1,000,000" is the unit 
conversion coefϐicient. C (ppm) represents the ammonia concentration of the product gas. 

Based on the operable variables of the reaction system and the above formulas of power, speciϐic 
energy input and energy efϐiciency, some parameters for characterizing the system characteristics, 
including catalyst mass, grounding electrode length, power, gas ϐlow rate and feed ratio, are 
preliminarily determined. Considering that all the catalyst types used in the selected experimental 
devices are all metal-loaded catalysts, this paper innovatively uses active metal and catalyst carrier to 
identify the catalyst. Active metal is the key site of catalytic reaction, and its type and nature determine 
the activity and selectivity of the reaction, by affecting the dispersion and stability of active metal. The 
collected parameters and values are summarized in Table 1, including 7 experimental parameters and 
their corresponding energy efϐiciencies, and all the data were collected through the "Pick Data Points" 
tool of Origin software. 

2.1.3. Feature encoding and data preprocessing. In order to ensure that the model can accurately 
identify and effectively use non-numerical parameters, the active metal and catalyst carrier should be 
encoded. For active metals, atomic numbers are encoded and considered as categorical variables. The 
atomic number of the active metal can directly reϐlect its speciϐic position in the periodic table and its 
basic properties. Through this encoding method, the category information of active metals is retained. 
For catalyst carriers, this label coding method is used to convert the discrete catalyst carriers into a 
numerical format. The label coding maps the category of the catalyst carriers into a unique integer 
value, and each carrier category is assigned a unique integer value. For experiments without catalyst 
carriers, their corresponding category values were uniformly labeled as 0 to ensure data integrity and 
consistency. After encoding processing, each data point in the database is transformed into a vector 
containing experimental parameters and energy efϐiciency, where the experimental parameters 
include the numerical results of the discrete parameters and other numerical parameters. 

After encoding of non-numerical parameters, the whole dataset was standardized to eliminate 
dimensional differences between different parameters and lay a consistent data foundation for 
subsequent model training and optimization algorithm application. In this paper, the Z-score 
standardization method, which subthe mean value from each parameter value and divides by the 
standard deviation, transforms the data into a distribution with mean of 0 and standard deviation of 
1, the formula is as follows: 

 
x

z





  (4) 
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Table 1. The collected parameters and their values 

argument value 

metal Nickel, iron, ruthenium, copper, cobalt 

Catalyst support Al2O3､BaTiO3､γ-Al2O3､Si-MCM-41､SiO2､AC､ZSM-5､α-Al2O3 

Catalyst mass /g 0.18~12 

Grounding electrode length /mm 8~50 

Power /W 5~67 

Gas flow rate /ml·min-1 20~160 

Nitrogen and hydrogen feeding ratio 1:5､1:3､1:2､1:1､2:1､3:1､5:1 

Energy efficiency/g·kW·h⁻¹ 0.05~1.22 
z   is the normalized values, x   is the original parameter values,    is the mean value of this 

parameter,   is the standard deviation of this parameter. 
Through the correlation analysis, we plot the experimental parameter correlation heat maps in 

Figure 3 to show the relationship between these parameters. Most of the correlation coefϐicients in the 
thermal maps are low, which proves that the present dataset covers a broad and diverse information 
sources that contribute to the comprehensive understanding and characterization of the processes of 
ammonia synthesis catalyzed by plasma. The low correlation coefϐicient indicates a relative 
independence between the selected parameters, meaning that each parameter may capture the unique 
aspects affecting the ammonia synthesis process in plasma catalysis. This independence avoids the 
problem of multicollinearity, namely that multiple input variables are highly correlated, which may 
lead to instability and interpretation difϐiculties during model training. From Figure 3, we can see that 
the correlation between most parameters have weak or no signiϐicant correlation. The correlation 
between the metal species and the catalyst carrier is only 0.19, indicating that these two factors have 
little inϐluence on each other. Similarly, the correlation of energy efϐiciency and other parameters is 
equally insigniϐicant, which further conϐirms the importance of each parameter to the predicted target 
and its unique contribution. 
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Fig. 3. Correlation heatmap of experimental parameters 

2.2. XGBoost Regression model construction and training 

Before optimizing the experimental parameters of the catalyzed ammonia synthesis of plasma, it is 
necessary to train a model that accurately predicts the energy efϐiciency instead of traditional software 
simulation or practical experiments to construct the objective function of BO and achieve efϐicient 
evaluation of candidate parameter combinations during the BO process. 

XGBoost is an advanced ensemble learning algorithm to builds efϐicient prediction model by 
integrating multiple weak learners. The algorithm adopts a step-wise ϐitting method to improve the 
model prediction accuracy by correcting the prediction error left by the previous weak learner. 
XGBoost Not only consider the traditional loss function and model complexity when constructing the 
objective function, but also introduces regularization terms to effectively prevent overϐitting, thus 
enhancing the computational performance and prediction accuracy of the model. XGBoost Good at 
dealing with non-linear problems, with its strong generalization ability, excellent performance in 
various classiϐication and regression tasks, so it has been widely used. 

The constructed dataset is given as follows  ( , ) ( 1,2, , )i iD x e i n    , ix   and ie   are the 
experimental parameters and the energy efϐiciency, respectively. Suppose that training a model with 
k  trees. Forecast results ( ie ) as follows: 

 
1

ˆ ( ),
K

k i k
k

ie f x f


  F  (5) 

The objective function expression to be optimized is as follows: 

 
1

ˆ( , )i
n

i
i

Obj L e e


   (6) 

1

ˆ( , )
n

ii
i

L e e

  is the training loss function,   represents the complexity of the model. 
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After completing the construction of the XGBoost model, BO is further used to optimize the 
hyperparameters of the model to improve the overall performance of the model. The hyperparameters 
that need to be optimized are shown in Table 2. The data set was divided into the training set and the 
test set in a ratio of 8:2. In the model training stage, 50% off cross-validation is used to make full use 
of the data and reduce the evaluation bias due to the randomness of data division. That is, the database 
is divided into ϐive non-overlapping subsets, and the model is trained with four subsets in turn, with a 
remaining subset as the validation set. This process is repeated ϐive times. The determination 
coefϐicient (R-Square, R2) is used as the evaluation index, and the expression is: 

 2 1

1

ˆ( )
1

( )

n

i i
i
n

i
i

e e
R

e e






 






 (7) 

Where 1, 2, , ne e e   is the true value, 1, 2,ˆ ˆ ˆ, ie e e   is the predicted value, e   is the average of these 
true values, n Represents the sample size of the training or test phase. Model performance is optimized 
by minimizing the error between the predicted and actual values to improve the accuracy of prediction 
energy efϐiciency. To ensure that the model can adequately learn the data features and effectively avoid 
overϐitting, 100 iterations were set. 

Table 2. Description of hyperparameters 

hyperparameter span Initial value 

n_estimators [10, 200] 100 

learning_rate [0.01, 0.3] 0.1 

max_depth [1, 10] 5 

min_child_weight [1, 10] 5 

subsample [0.5, 1] 0.5 

colsample_bytree [0.5, 1] 0.5 

2.3. The Bayesian optimization algorithm 

Recently, as a data-driven method, BO has been widely used as an efϐicient parameter search method 
to search for parameter that satisfy speciϐic properties. BO usually involves two main steps: the 
learning stage and the optimization stage. In the learning phase, BO updates the agent model with each 
iteration, gradually approaches the “best guess” of the relationship between the objective function and 
the design parameters, and quantiϐies the uncertainty of this guess. In the optimization phase, an 
acquisition function is selected to guide the optimization process, and the next point to be evaluated 
(i. e., the combination of experimental parameters) is determined by maximizing the acquisition 
function value. The goal of choosing this is to balance exploration and development, usually using the 
desired improvement (EI, expected improvement) as the acquisition function. 

The speciϐic process of BO exploring the ammonia parameter space is as follows: ϐirst, some 
experimental parameters are randomly selected and the initial energy efϐiciency is obtained through 
the XGBoost regression model; then the BO framework trains the agent model from the existing data 
set and recommends the next set of parameters to be evaluated through the acquisition function; then 
the recommended parameter combination is input into the XGBoost model to obtain the predicted 
energy efϐiciency, and it is added to the data set and used to update the agent model. The process is 
repeated until a preset number of iterations is reached. 

An important innovation of this paper lies in the application of BO to the optimization of 
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experimental parameters of plasma catalytic ammonia synthesis, especially considering the special 
case that metal, catalyst carrier and feed ratio are categorical variables. In the past, in the ϐield of 
parameter optimization, most algorithms usually focus on the treatment of continuous variables, but 
there are some limitations in the optimization of categorical variables. The BO algorithm used in this 
paper shows a unique advantage of effectively dealing with the classiϐication variables of metal, 
catalyst carrier and feed ratio. In addition, three commonly used proxy models are compared, 
including random search, random forest regression, and Gaussian process regression. In this paper, we 
will compare the energy efϐiciency maximum achieved by the three proxy models with the same 
number of iterations, and choose the best proxy model to drive the process of BO optimizing the 
experimental parameters of ammonia synthesis by plasma catalysis. In this paper, the code runs in the 
Python 3.8.0 environment, and the XGBoost model is implemented with the xgboost 1.15.0 library, and 
the scikit-optimize library is used to carry out BO related work. 

3. Results and Discussion 

3.1. XGBoost Model training results 

3.1.1. Comparison and selection of the regression models. In this paper, four regression models, 
XGBoost, KNR, SVM and ANN, were tested to determine the best prediction model. As shown in Figure 
4, the four models show different performance in terms of energy efϐiciency prediction. Although the 
predicted value of KNR model coincides with the actual value curve to a certain extent, there is 
signiϐicant deviation at multiple sample points, and the prediction error is relatively obvious, and the 
error of some sample points even exceeds 0.25. Similarly to the SVM model, where the number of 
sample points is 10 to 20 and 40 to 50, the prediction error is particularly prominent, and it is difϐicult 
to accurately track the change trend of the actual value. The ϐluctuation characteristics of the predicted 
value of ANN model are quite different from those of the actual value curve, and the actual value cannot 
be effectively ϐitted in multiple sample points, resulting in the lack of stability of the prediction error 
and the difϐiculty to provide reliable energy efϐiciency prediction results. In contrast, the XGBoost 
models perform very well. The predicted value almost completely coincide with the actual value curve. 
In the whole sample interval, the deviation between the predicted value and the actual value is very 
small, the prediction error is always maintained at a low level, and the error of most sample points is 
controlled within 0.05. It is thus determined that the XGBoost model is the best model for predicting 
energy efϐiciency. 
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Fig. 4. Performance Evaluation of Energy Efϐiciency Prediction Models Based on XGBoost, KNR, SVM, and ANN 

3.1.2. XGBoost Hyperparameter optimization of the model. To further improve the accuracy of the 
XGBoost model in the energy efϐiciency prediction, the hyperparameters of the model were optimized 
using BO, and the results are shown in Table 3. The number of trees was determined as 117, and this 
parameter had important effects on the complexity and predictive power of the model. The learning 
rate is set to 0.2304 to balance the learning speed and model stability; the maximum depth of the tree 
is set to 3 to prevent overϐitting to enhance the generalization ability of the model; the minimum node 
weight is set to 1 to control the minimum sample weight of each leaf node to further suppress 
overϐitting; the sample sampling ratio is 0.7911 to indicate the sample proportion used to train the 
model in each iteration; the feature sampling ratio is 0.6, which speciϐies the feature proportion 
randomly sampled for each tree. 
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Following the hyperparameter optimization, the prediction performance of the XGBoost model is 
next evaluated. Figure 5 shows the comparison of the predicted value of the energy efϐiciency of 
ammonia synthesis in the XGBoost model before and after hyperparameter optimization. The abscissa 
represents the true value of the energy efϐiciency of plasma-catalyzed ammonia synthesis, the ordinate 
indicates the corresponding predicted value, and the dashed line indicates the ideal predicted line, 
representing the trend when the predicted value is completely consistent with the true value. The 
circles represent the optimized data points, and the triangles represent the data points before the 
optimization. It can be seen that the circular points are relatively concentrated around the ideal 
prediction line, and the R² value reaches 0.9434, which indicates that the XGBoost model has extreme 
prediction accuracy after hyperparameter optimization 

Big ascension. The application of XGBoost model in the risk assessment of highway tunnel instability 
and showed that the model achieved an overall accuracy rate of 93.75% in the risk assessment, which 
was consistent with the high R² value of the paper, further conϐirming the stability and reliability of 
XGBoost in handling complex problems. 

Table 3. Hyperparameter Optimization Results 

hyperparameter meaning short-cut process 

n_estimators The number of trees 117 

learning_rate Learning rate 0.2304 

max_depth The maximum depth of the tree 3 

min_child_weight Minimum child node weight 1 

subsample Sample proportion 0.7911 

colsample_bytree Feature sampling ratio 0.6 
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Fig. 5. Comparison Chart of XGBoost Models Before and After Hyperparameter Optimization 

3.2. Analysis of the results of the Bayesian optimization 

3.2.1. Comparison of the agent models. This subsection compares the effects of the three agent 
models in the optimization process. Figure 6 is a comparison diagram of the BO search process of the 
three agent models. The horizontal axis represents the number of searches, and the vertical axis is the 
historical maximum energy efϐiciency achieved by the current number of searches. Gaussian process 
regression is the best performance, thanks to its strong modeling ability and accurate expression of 
uncertainty. Through the mean function and the covariance function, the Gaussian process regression 
can dynamically ϐit the objective function, and effectively balance the exploration and development. As 
can be seen in the ϐigure, after about 20 searches, the Gaussian process regression quickly approaches 
the optimal value, and then the change range is very small, showing the optimization ability of rapid 
convergence and stability. This paper further veriϐied that the Gaussian process has become a widely 
used proxy model in BO because of its recursive modelling properties, showing better optimization 
effects. 

In contrast, random forest is better in some rounds, but the overall process is slow. Random forest 
is essentially an integrated model of multiple decision trees, with strong local optimization ability, but 
the global search efϐiciency is not optimal. Moreover, it fails to provide continuous prediction with 
uncertainty measures as in Gaussian process regression, limiting its optimized performance in the 
high-dimensional parameter space. The optimization efϐiciency of random search is the lowest, 
because it adopts the pure random search method, does not use the existing sample information to 
guide the search direction, and only relies on random sampling, resulting in very low search efϐiciency. 
Moreover, due to the lack of modeling ability of the objective function, the stochastic search completely 
depends on the random collision optimal region during optimization, and the convergence curve is 
slow and unstable. 
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Fig. 6. Comparison of BO search processes using three different surrogate models 

3.2.2. Search results for 50 iterations of Bayesian optimization. Gaussian process regression was 
chosen as the proxy model according to the results in Section 2.2.1. Figure 7 shows the parameter 
combination obtained with 50 iterations. Each curve represents a different combination of 
experimental parameters used for one optimization iteration, and the color depth of the curve 
corresponds to the change of the objective function value, i. e., the energy efϐiciency. BO gradually 
converges with an increasing number of iterations, indicating that BO is able to rapidly approximate 
the optimal solution with a ϐinite number of experimental iterations. In the early stage of optimization, 
BO mainly focuses on exploring the unknown potential optimization areas, while in the later stage, the 
parameters are adjusted more carefully, so as to achieve the accurate approximation of the optimal 
solution. 

Based on the results of BO iterative search, the best experimental parameters for ammonia synthesis 
are: the catalyst mass is 6.4 g, the length of grounding electrode is 50 mm, the nickel is selected as the 
metal catalyst, Al₂O₃ is used as the catalyst carrier, the power is 5 W, the gas ϐlow rate is 160 ml·min⁻¹, 
and the feed ratio of nitrogen and hydrogen is set at 1:2. Under this condition, the energy efϐiciency 
reached 1.49 g·kW·h⁻¹, which shows a signiϐicant improvement of about 22.1% compared with the 
highest energy efϐiciency of 1.22 g·kW·h⁻¹ recorded in the dataset. 
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Fig. 7. The parameter combinations obtained by BO search with 50 iterations and the corresponding changes in 
energy efϐiciency 

3.3. Results for the validation of the optimal parameter combination 

The resulting optimal combination of experimental parameters is embedded in the gas phase-surface 
coupling dynamics model based on ZDPlaskin solver. By updating the surface reaction equation and 
the corresponding rate coefϐicient of the nickel-based catalyst, the parameters such as gas ϐlow rate 
and nitrogen-hydrogen ratio were adjusted to the optimal parameter combination value obtained by 
BO, and the power was set at 5W, 15W, 25W and 35W respectively. Under this condition, the ammonia 
concentration of plasma-catalyzed ammonia synthesis is obtained by simulation, and the energy 
efϐiciency under the corresponding conditions is obtained by calculating formula (3). At the same time, 
the above adjusted parameters are input into the XGBoost model for operation to obtain the predicted 
energy efϐiciency. 

The results are shown in Figure 8, although the predicted and simulated energy efϐiciency differ in 
speciϐic values, but the overall trend is the same. It is evident from the ϐigure that, as the power 
gradually increases from 5W to 35W. The predicted energy efϐiciency decreased from 1.49 g·kW·h⁻¹ 
to 1.19 g·kW·h⁻¹, and the simulated energy efϐiciency decreased from 1.38 g·kW·h⁻¹ to 1.08 g·kW·h⁻
¹.Both showed a trend of decreasing with increasing power. This suggests that the predictions and 
simulations are consistent in the trend of the response to power changes. 
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Fig. 8. Comparison of Predicted and Simulated Energy Efϐiciencies and Ammonia Concentrations in Plasma-
Catalyzed Ammonia Synthesis under Different Powers three different surrogate models 

By calculating formula (3), the maximum energy efϐiciency of the numerical simulation result is 
1.382 g·kW·h⁻ ¹,, which is somewhat different from the predicted 1.49 g·kW·h⁻ ¹, but within a 
reasonable range. This is mainly derived from the diverse complexity of the data sources. On the one 
hand, the collected data comes from different experimental devices, and there are many detailed 
differences in the structure, material, internal structure and other aspects. The length, diameter and 
roughness of the gas transmission pipeline of different devices may affect the uniformity and stability 
of the gas ϐlow rate, and then affect the reaction process. On the other hand, the numerical simulation 
itself is an approximation of the response to reality. Although the model tries to consider various 
factors, it is inevitable that some small factors that work in the complex realistic environment will be 
ignored in the actual veriϐication process. For example, trace impurities in the actual reaction system 
may not be fully considered in numerical simulations because they are difϐicult to quantify accurately, 
but they may have some inϐluence on the energy efϐiciency in the actual reaction. Combining these 
factors, the error between the simulated and predicted values is within a reasonable range, further 
proving the effectiveness of the optimization scheme. 

3.4. Analysis of the effect of the experimental parameters on the energy efficiency 

In this section, the trained XGBoost model is used to explore the relationship between the 
experimental parameters and the energy efϐiciency to further validate the BO results. Figure 9 shows 
the results of the SHAP value analysis of the XGBoost model. Positive SHAP value indicates a positive 
effect on energy efϐiciency, the higher the value, the higher the effect of improvement, and negative 
SHAP value means that the parameter has a negative effect on energy efϐiciency. From the SHAP value 
in Figure 9, each parameter is ranked from high to low by metal, power, catalyst quality, catalyst 
support, ϐlow rate, length of grounding electrode, and feed ratio. 
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Figure 10 shows the trend of SHAP values for the inϐluence of each experimental parameter on 
energy efϐiciency. It can be found that with the increase of catalyst quality, the energy efϐiciency 
increases and then decreases. When the catalyst quality is low, the increase quality will improve the 
energy efϐiciency by providing more active sites, while when the quality is too high, the agglomeration 
and system physical properties change hinder mass transfer, thus reduces the energy efϐiciency; as the 
grounding electrode length increases, the energy efϐiciency decreases ϐirst and then increases. In the 
range of 10-30mm, the energy efϐiciency is signiϐicantly reduced, because the short electrode 
concentrates the electric ϐield, but the reactant contact opportunity is insufϐicient. When the electrode 
becomes longer, the electric ϐield distribution in the reaction area is more uniform, the reaction surface 
area increases, more reactants participate in the reaction, and the energy utilization rate can be 
improved. This paper found a U-shaped curve of NH₃ concentration and energy efϐiciency when the 
electrode length was increased, which is consistent with the trend presented in some related research. 

 

Fig. 9. Analysis Results of SHAP Values for XGBoost Model 
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Fig. 10. Analysis of the Effects of Various Factors on Energy Efϐiciency Based on SHAP Values 

Metals achieve higher energy efϐiciency at the atomic number of 28, or nickel. Nickel has obvious 
advantage as active metal. Nickel electron conϐiguration is conducive to electron exchange and 
adsorption with the reactants, and the complex reaction performance is better than iron, cobalt, 
copper and ruthenium. Moreover, nickel has good dispersion and high thermal stability, which can 
effectively prevent sintering and inactivation. Al ₂ O ₃ coded as 1 is more efϐicient when loaded as a 
catalyst, because it is due to its good mechanical properties, stress resistance, complete structure and 
large speciϐic surface area, which is conducive to the dispersion of active metals and increases the 
contact between the reactants and the active site. The energy efϐiciency gradually decreases as the 
input power increases. This is because excessive ionization triggers side reactions and reduces the 
efϐiciency of ammonia generation. Moreover, the trend shown in this paper found that the increased 
proportion of electron energy waste at high power leads to a decrease in energy utilization. 

As the gas ϐlow rate gradually increases, the energy efϐiciency increases. With the increase of ϐlow 
rate, the gas molecules pass through the plasma region per unit time, which makes the effective 
collision possibility of N and H reaction species increases, which improves the synthesis performance 



RESEARCH ON IMPROVING THE ENERGY EFFICIENCY OF PLASMA-CATALYZED AMMONIA 7297 

 

of NH ₃. The present found that a higher ϐlow rate can improve the reaction efϐiciency in the methane 
dry reforming reaction, namely, accelerating the speed of the reactant through the reaction zone helps 
to reduce the side reaction. When the feeding ratio is 1, the energy efϐiciency reaches a greater value. 
When N2 and H2 are fed at 1:1, the collision frequency and effective collision probability between 
them reach the optimal state, which can be efϐiciently converted into ammonia gas. 

4. Conclusion 

Here, we present a method for optimizing the experimental parameters of the plasmonic catalytic 
synthesis of ammonia by combining BO to the XGBoost model. Energy efϐiciency was predicted using 
XGBoost regression models by constructing a database of 305 experimental data points. Based on this, 
BO was applied to systematically search for experimental parameters and ϐinally determine the best 
combination of experimental parameters. The main conclusions are summarized as follows:  
1) In predicting the energy efϐiciency of plasma catalytic ammonia synthesis, XGBoost has excellent 
performance with R² of 0.9434, which is higher than the KNR, SVM and ANN models under the same 
test conditions. This indicates that XGBoost can more effectively capture inter-variable relationships 
with higher prediction reliability and accuracy. 
2) According to the systematic search of the parameter space, BO identiϐied the best parameters: the 
weight of the catalyst was 6.4g, the length of the electrode was 50mm, the nickel metal catalyst, the 
carrier of Al₂O₃, the power was 5W, the gas ϐlow rate was 160 ml·min⁻¹, and the nitrogen to hydrogen 
ratio was 1:2. Under these conditions, the energy efϐiciency reached 1.49g·kW·h⁻¹, an improvement of 
22.1% over the previous maximum energy efϐiciency. The validity of the results is veriϐied by numerical 
simulation. 
3) The results provide an effective experimental design strategy for the plasma-catalyzed ammonia 
synthesis process and demonstrate the effectiveness of BO in optimizing the parameters of complex 
experimental systems. 

Although studies show that XGBoost and BO are signiϐicantly effective in optimizing the 
experimental parameters of plasma-catalyzed ammonia synthesis, the sample size of the dataset is 
limited, and the universality of the model still needs further veriϐication. Future studies should 
consider extending the experimental dataset and adding different types of experimental parameters 
and scenarios to improve the generalization ability of the model. 
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