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Abstract 

The traditional magnesium reduction process consumes a significant amount of energy, which contradicts China’s green 
and low-carbon development goals. Therefore, exploring more energy-efficient methods is crucial for environmental 
protection. The magnesium reduction rate is influenced by several factors, including gas flow rate, briquetting pressure, 
ferrosilicon content, reduction temperature, and reduction time. In this study, data analysis utilizing a machine learning 
algorithm: support vector machine (SVM)—was employed to predict the magnesium reduction rate. Given that energy-
saving processes are a primary objective for enterprises, the processing was optimized using the particle swarm 
optimization (PSO) algorithm based on the SVM model, while maintaining a constant magnesium reduction rate. This 
optimization aims to reduce energy and gas consumption during the magnesium smelting process. Experimental verification 
of the magnesium reduction rate under the optimized processing conditions demonstrated that the application of machine 
learning algorithms can lead to resource savings in the magnesium reduction process. To further evaluate the environmental 
benefits of the optimized process, a Life Cycle Assessment (LCA) focusing on energy consumption and carbon dioxide (CO2) 
emissions was conducted. The LCA results indicate that the optimized process significantly reduces life cycle energy 
consumption (reduced by 5.33%) and CO2 emissions (reduced by 3.63%) compared with the initial process, providing 
precise environmental performance data for the promotion and application of magnesium alloys in lightweight structures. 
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Introduction1.

Magnesium and its alloy systems have been 
widely applied across aerospace, automotive, 
electronic communication, materials metallurgy, and 
diverse other industrial fields, owing to their superior 
physicochemical properties [1-3]. They also hold 
significant utility as biomedical materials and 
hydrogen storage substrates [4-6], presenting 
promising market prospects. As lightweight 
functional materials, magnesium and its alloys are 
poised to play a crucial role in advancing green, low-
carbon, and high-quality development initiatives. 

However, the increased energy consumption during 
the reduction process, the need for special protective 
atmospheres during casting processing, relatively low 
mechanical properties, difficulty in preventing 
corrosion of magnesium alloys, and their electrode 
potential being the lowest among metallic materials, 
making them susceptible to corrosion during use. 
Therefore, it is of great significance to study and 
reduce the energy and gas consumption in the 
magnesium reduction process for magnesium and its 
alloys. 

Two principal technologies dominate global 
magnesium extraction: electrolytic processes and 
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magnesia thermal reduction methods. In China, 
primary magnesium production primarily relies on the 
Pidgeon process, which contributes approximately 
80% of the world’s total magnesium output [7]. 
Classified as a silicothermic reduction technique, this 
process involves reducing magnesium oxide under 
high-temperature and vacuum conditions. Despite its 
operational simplicity and flexibility, increasing 
environmental awareness has highlighted inherent 
drawbacks, including discontinuous operation, 
extended production cycles, and substantial pollutant 
emissions [8-10]. Material balance calculations reveal 
that producing 1 ton of magnesium via the Pidgeon 
process generates 5-6 tons of waste residues and 
nearly 5.0 tons of carbon dioxide from carbonate 
decomposition, with energy consumption equivalent 
to roughly 10 tons of standard coal. To mitigate 
energy usage and enhance production efficiency in 
silicothermic magnesium extraction, continuous 
innovations and practical applications in magnesium 
production technology have emerged. Notable 
examples include the Mintek Thermal Magnesium 
Process (MTMP) [11], which employs DC open-arc 
metallothermic smelting for calcined dolomite at 
atmospheric pressure and temperatures ranging from 
1923 K to 2023 K; the one-step process [12] and the 
integrated calcination-reduction magnesium 
production process [13], both of which eliminate the 
cooling stage following high-temperature calcination. 
And the microwave-assisted Pidgeon process [14], 
which utilizes microwave heating to boost heat 
transfer efficiency and shorten the reduction cycle. 
The carbothermic process [15, 16] has long been 
recognized as the lowest-cost magnesium smelting 
technology, yet the occurrence of reverse reactions 
during reduction has precluded its industrial-scale 
application.  

Contemporary research endeavors in magnesium 
extraction predominantly rely on magnesium oxide 
and aluminum as key feedstocks. This conventional 
process requires first calcining magnesite, followed 
by cooling the high-temperature magnesium oxide to 
ambient temperature. The cooled magnesium oxide is 
then blended with aluminum, compacted into pellets, 
and reheated to the required reduction temperature. 
This sequential process not only results in significant 
heat and energy wastage but also diminishes the 
reactivity of magnesium oxide due to its hygroscopic 
nature. Furthermore, the vacuum environment 
traditionally required for magnesium production 
restricts mechanization and automation levels, 
making continuous operation challenging to achieve. 
In response to these constraints, drawing on the 
concept of a gas-driven low-pressure atmosphere [17-
19]—where a flowing inert gas supplies the necessary 

environment for magnesium pellet production—and 
from the perspective of optimizing the comprehensive 
utilization of low-grade magnesite resources, a novel 
silicothermic process for the direct reduction of low-
grade dolomite to magnesium under flowing argon 
has been proposed. In this innovative approach, 
dolomite and ferrosilicon are directly mixed and 
pelletized, followed by calcination at a specific 
temperature. Post-calcination, the high-temperature 
pellets are directly introduced into the reduction stage, 
with the entire process conducted under a flowing 
inert gas atmosphere. Magnesium vapor generated 
during the reaction is carried away from the reaction 
zone by the flowing inert gas and condensed into 
crystalline form in a dedicated condensation zone. 
This integrated process preserves the high reactivity 
of magnesium oxide produced from dolomite 
calcination, thereby improving the magnesium oxide 
reduction rate. It also enables magnesium production 
under atmospheric pressure, facilitating continuous 
operation and enhancing overall production 
efficiency. However, this smelting process of 
magnesium needs consume expensive inert gases, 
which is not conducive to resource conservation. If  
traditional experimental methods are used to study the 
magnesium smelting process to save energy and gas 
consumption, a large number of experiments would be 
needed , resulting in greater resource consumption 
and negative environmental impact. Notably, the 
environmental performance of magnesium smelting 
processes is a key factor restricting the promotion of 
magnesium alloys in lightweight structures. As 
emphasized by relevant studies, Life Cycle 
Assessment (LCA) focusing on energy consumption 
and CO2 emissions is an effective tool to evaluate the 
environmental sustainability of materials and 
processes [20, 21]. Similar to the application of high-
strength steel in automobiles—where end-users 
require both performance and carbon emission data to 
conduct life cycle evaluations of automotive 
components—magnesium alloy producers also need 
to provide clear environmental performance data 
(e.g., energy consumption and CO2 emissions) to 
support the downstream application of lightweight 
magnesium components. Therefore, integrating LCA 
into the optimization of magnesium smelting 
processes is crucial to verify the environmental 
benefits of energy-saving measures and promote the 
large-scale application of magnesium alloys. 

With the development of machine learning (ML) in 
the field of materials metallurgy [22], new approaches 
have emerged for optimizing the magnesium smelting 
process. ML can master the information in the data 
through algorithms to achieve high-precision 
predictions of mechanical properties, target variables, 
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and even process optimization. Among many ML 
algorithms, SVM were developed based on statistical 
learning theory. The basic principle of SVM is to find 
the optimal linear function in the feature space to 
minimize the difference between predicted value and 
actual values across the entire dataset. Various material 
properties were successfully predicted by the SVM 
model [23-26]. For example, based on a much smaller 
database, the corrosion rate of 3C steel in different 
environments was precisely predicted using an SVM 
trained on only 46 samples, with the deviation between 
predicted and experimental values less than 0.5 μA cm-

2 [27]. In addition, SVM was used to predict interphase 
precipitation particles characteristic values based on 
88 samples, and on this basis, the alloy element 
content was reduced using the PSO algorithm [28]. 
These studies show that SVM is suitable for small 
datasets and nonlinear regression fields, and providing 
a reference for reducing energy and gas consumption 
in the magnesium smelting process.  

The kinetics of extracting magnesium from 
dolomite in a flowing argon atmosphere were 
investigated in this manuscript. The study examined 
the effects of gas flow rate, briquetting pressure, 
ferrosilicon content, reduction temperature, and 
reduction time on the magnesium reduction rate. 
Machine learning algorithms were employed to 
identify methods for reducing energy and gas 
consumption during the magnesium smelting process, 
and the optimization results were experimentally 
validated. Furthermore, a Life Cycle Assessment 
(LCA) was performed to quantify the energy 
consumption and CO₂ emissions of the optimized 
process, providing precise environmental performance 
data for the downstream application of magnesium 
alloys in lightweight structures. This integrated 
approach of “process optimization + LCA assessment” 

not only verifies the technical feasibility of the 
proposed method but also highlights its environmental 
advantages, addressing the core demand for green and 
low-carbon development in magnesium metallurgy. 

 
The machine learning process for 2.

optimizing the smelting process of magnesium 
 
To optimize the magnesium smelting process 

using a machine learning algorithm and to reduce 
energy and gas consumption, this manuscript presents 
a flowchart of the machine learning approach, as 
illustrated in Fig. 1. Initially, experiments were 
conducted to determine the effects of various factors, 
including argon flow rate, briquetting pressure, 
ferrosilicon content, reduction temperature, and 
reduction time, on the magnesium reduction rate. A 
nonlinear mapping relationship model was 
established using the Support Vector Machine (SVM) 
model to correlate these factors with the magnesium 
reduction rate. Subsequently, the Particle Swarm 
Optimization (PSO) algorithm was employed to 
optimize the magnesium smelting process, 
successfully achieving the objective of reducing 
energy and gas consumption. Finally, the magnesium 
reduction rate under the optimized process was 
validated through experimental results. 

 
Experimental materials and methods 2.1.

Experimental materials 2.1.1.
 
Currently, the silicothermic process is primarily 

employed for the extraction of magnesium in the 
magnesium smelting industry. The raw material used 
is dolomite (MgCO3∙CaCO3), which is calcined to 
produce dolime. This dolime is then mixed with 
ferrosilicon to facilitate a reduction reaction. The 
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Figure 1. The flowchart of machine learning



resulting magnesium vapor is condensed and 
crystallized to yield crude magnesium. The principal 
reactions occur as described in Equations (1) and (2). 

 
             (1) 

 
       (2) 

 
 Ferrosilicon alloy, containing 75% to 78% silicon, 

sourced from Anyang Huatuo Metallurgy Co., Ltd., 
was selected as the reducing agent for magnesium 
smelting in this manuscript. During the experiment, 
the ferrosilicon was crushed and finely ground to a 
particle size of less than 74 μm. The phase analysis 
results of the ferrosilicon are presented in Fig. 2. As 
illustrated in Fig. 2, the primary phase in the 
ferrosilicon alloy is elemental silicon, with a minor 
presence of FeSi2, indicating that this ferrosilicon 
alloy possesses good reactivity. The chemical 
composition is detailed in Table 1. 

 
Experimental methods 2.1.2.

 
By using flowing inert gas to transport the 

magnesium vapor produced by the reaction away 
from the reaction zone, the partial pressure of 
magnesium vapor on the surface of the pellets can be 
maintained at a level consistently lower than the 
equilibrium partial pressure of the reaction, thereby 
allowing the reaction to proceed continuously. The 
magnesium smelting process involves momentum 
transfer between fluids. As the inert gas flows over the 

surface of the pellet, the viscous forces between gases 
moving at different velocities cause the magnesium 
vapor particles, which were initially undergoing 
irregular thermal motion, to be accelerated by the 
faster-moving inert gas particles. This interaction 
results in an increase in the momentum of the 
magnesium particles. 

The theoretical schematic diagram of magnesium 
smelting in a flowing argon atmosphere is presented 
in Fig. 3. As the inert gas flows over the surface of the 
pellet, it encounters resistance from both the pellet 
and the pipe wall, causing the gas to flow in various 
directions. The magnesium particles, initially in 
irregular motion, are accelerated by the inert gas, 
resulting in increased velocities in both the x and y 
directions. Due to the rapid acceleration of the 
magnesium particles under the influence of an 
external pressure head, the dynamic pressure head 
rises at the moment of acceleration, while the static 
pressure head remains constant. This leads to a 
decrease in the static pressure head. Consequently, by 
utilizing flowing inert gas to exert work on the 
magnesium particles, their movement speed is 
enhanced, the dynamic pressure head is elevated, and 
the partial pressure of magnesium vapor is reduced. In 
other words, the static pressure head is lowered, 
placing the magnesium partial pressure on the surface 
of the pellets in a state that is lower than the 
equilibrium partial pressure, thereby allowing the 
reduction reaction to continue. 

A 1:1 mixture of magnesite and calcium carbonate 
was utilized to replace dolomite in the experiment. 
This mixture was then combined with ferrosilicon in a 
stoichiometric ratio. Using 1 mol of MgO as a 

Xin Li et al. / J. Min. Metall. Sect. B-Metall. 62 (1) (2026) 41 - 52 44

Figure 2. Phase analysis of ferrosilicon

element Si S P C Fe
content 
(mass%)

74.13 0.018 0.031 0.07 ≤25.751

Table 1. Chemical composition of ferrosilicon alloy

Figure 3. Schematic diagram of flowing argon atmosphere 
magnesium smelting theory 
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reference, the ratios were calculated as follows: 
MgO/CaO = 1 and Si/2MgO = M. The amount of 
calcium fluoride added was 3% of the total mass of 
the raw materials used. The raw materials employed 
in the experiment, calcium carbonate and calcium 
fluoride, were both chemical reagents with purities of 
≥ 99% and ≥ 98.5%, respectively. Consequently, they 
were regarded as pure substances, and the ingredients 
were prepared accordingly. 

The amount of magnesite to be added is calculated 
as follows: Wmagnesite = (1 × 84.31) ÷ 95.55% = 88.24 
g. 

The amount of ferrosilicon WSi-Fe (g) to be added is 
calculated as follows: WSi-Fe = 0.5 × 28.09 ÷ 74.13% = 
18.95 g. 

The amount of CaCO₃ to be added is 100.09 g. 
The amount of fluorite (Wfluorite) to be added is 

calculated as follows: Wfluorite = (WSi-Fe + Wmagnesite + 
WCaCO3) × 0.03 = 6.22 g. 

The smelting process of magnesium using 
magnesite-calcium carbonate as the raw material, 
along with pellets containing varying silicon content, 
was investigated in this experiment. Ferrosilicon was 
added in excess amounts of silicon at 0%, 5%, 10%, 
15%, and 20%, corresponding to M values of 1.00, 
1.05, 1.10, 1.15, and 1.20. In this study, these pellets 
were referred to as prefabricated pellets, and the 
theoretical calculations of the ingredients are 
presented in Table 2. After the raw materials were 
shaped through pressing, the prefabricated pellets 
were calcined at 1273 K for one hour. 

 
Experimental method for the influence of 2.1.2.1.

gas flow rate on the reduction rate of magnesium 
oxide 
 
Due to the direct impact of gas flow rate on the 

reduction rate of magnesium oxide, this section 
investigates the effect of varying gas flow rates on the 
reduction rate of magnesium oxide. Previous research 
[29] indicates that prefabricated pellets demonstrate 
optimal activity and reaction rates when calcined at 
1273 K for one hour. Consequently, during the 
experiment conducted in a vertical vacuum 

atmosphere furnace, the pellets were initially calcined 
at 1273 K for one hour. After calcination, the crucible 
containing the pellets was removed from the constant 
temperature heating zone. Once the furnace reached 
the designated temperature, the pellets were returned 
to the constant temperature heating zone. It was 
ensured that the pellets did not react during the 
heating phase of the furnace. The fully calcined 
pellets were then reduced at 1573 K for two hours. 
The results regarding the influence of different gas 
flow rates on the reduction rate of magnesium oxide 
were subsequently obtained. 

 
Experimental method for the influence of 2.1.2.2.

briquetting pressure on the reduction rate of 
magnesium oxide 
 
Prefabricated pellets are produced by uniformly 

compressing dolomite and additives, such as 
ferrosilicon, into spherical shapes. These pellets must 
undergo calcination prior to the reduction stage. The 
calcination process generates CO2, which creates 
voids within the pellets, leading to a reduction in their 
density. This decrease in density may adversely affect 
the reduction process. Consequently, this section 
investigates the impact of briquetting pressure on the 
reduction rate of magnesium oxide in the 
silicothermic process. Hydraulic pelletizing 
equipment was utilized to prepare the pellets for the 
experiment. The pellets, formed by the grinding tool, 
were cylindrical in shape. The experiment was 
conducted under various briquetting pressures. When 
the equipment pressure readings were set at 5 MPa, 10 
MPa, 15 MPa, 20 MPa, and 25 MPa, the actual 
briquetting pressures corresponding to the equipment 
diameter and pellet diameter were measured at 69.69 
MPa, 139.38 MPa, 209.07 MPa, 278.76 MPa, and 
348.45 MPa, respectively. In the subsequent sections, 
briquetting pressures are expressed using the 
equipment readings. The experiment was carried out 
in a vacuum atmosphere furnace, with prefabricated 
pellets calcined at 1273 K for one hour and 
subsequently reduced at 1573 K for two hours. To 
ensure precise calcination and reduction times during 
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raw material M Si-Fe (g) Magnesium content 
(%) Silicon content (%)

Calcination 
weight loss rate 

(%)

Magnesium 
content after 

calcination (%)

Prefabricated pellets

1 18.95 11.24 6.58 41.22 19.12
1.05 19.9 11.19 6.88 41.03 18.98
1.1 20.84 11.14 7.17 40.84 18.83
1.15 21.79 11.09 7.46 40.66 18.69
1.2 22.74 11.04 7.75 40.47 18.55

Table 2. Theoretical calculation of ingredients



the experiment, the pellets were placed in a constant 
temperature zone after the resistance furnace was 
heated to the specified temperature. The effect of 
varying briquetting pressures on the reduction rate of 
magnesium oxide was analyzed. 

 
Experimental method for the influence of 2.1.2.3.

ferrosilicon content on the reduction rate of 
magnesium oxide 
 
Ferrosilicon, when used as a reducing agent, 

significantly influences the reduction rate of 
magnesium oxide. Excessive ferrosilicon content can 
lead to resource wastage and increased costs in 
magnesium smelting. Conversely, insufficient 
ferrosilicon content can adversely affect the 
thermodynamics of the silicothermic magnesium 
smelting reaction, resulting in a decrease in Gibbs free 
energy and, consequently, a reduced recovery rate of 
magnesium. Therefore, this section investigates the 
impact of ferrosilicon content on the reduction rate of 
magnesium oxide. The molar ratio of Si to 2MgO is 
denoted as M, with ferrosilicon content represented 
by this ratio. In the experiment, M values were set at 
1.0, 1.05, 1.10, 1.15, and 1.20. Prefabricated pellets 
were calcined at 1273 K for one hour and 
subsequently reduced at 1573 K for two hours. The 
experimental process was conducted in a flowing 
argon atmosphere with a gas flow rate of 0.2 m³/h. 
The effect of ferrosilicon content on the reduction rate 
of magnesium oxide was obtained. 

 
Experimental method for the influence of 2.1.2.4.

reduction temperature and reduction time on the 
reduction rate of magnesium oxide 
 
The silicothermic process is an endothermic 

reaction, meaning that temperature significantly 
influences chemical reactions. As temperature 
increases, the reduction rate accelerates, causing the 
reaction equilibrium to shift to the right. However, 
excessively high temperatures can lead to increased 
process costs, as well as heightened demands on 
furnace reduction and energy consumption. 
Therefore, it is essential to control the reduction 
temperature effectively. Additionally, optimizing the 
reduction time can greatly enhance production 
efficiency and reduce costs. This section explores the 
effects of reduction temperature and reduction time on 
the reduction rate of magnesium oxide. During the 
experiment, the flow rate of argon gas was set at 0.2 
m³/h, the briquetting pressure was maintained at 15 
MPa, and the ferrosilicon content (M) was 1.15. The 
temperature range for the experimental investigation 
was 1473 K to 1623 K, with a maximum reduction 

time of 4 hours of insulation. The results regarding the 
impact of reduction temperature and reduction time 
on the reduction rate of magnesium oxide were 
obtained. 

After the experiment, X-ray diffraction (XRD, 
Bruker D8, Germany) and inductively coupled plasma 
optical emission spectroscopy (ICP-OES, Optima 
8300DV, Perkins Elmer, USA) were employed to 
conduct phase analysis and determine the magnesium 
content of the cooling slag, respectively. The 
reduction rate of magnesium is calculated using Eq. 
(3). 

                         
                       (3) 

 
Where ηMg represents the reduction rate of 

magnesium, m1 denotes the initial mass of the pellet, 
α indicates the magnesium content of the pellet, m2 
refers to the mass of magnesium slag, and β signifies 
the magnesium content of the magnesium slag. 

 
Establishment of the SVM model for 2.2.

predicting magnesium reduction rate 
 
To reduce energy and gas consumption during the 

magnesium reduction process, it is essential to 
establish a model for predicting the magnesium 
reduction rate. Given the numerous factors that 
influence the magnesium reduction rate and the non-
linear relationships among them, it is challenging to 
represent these factors using traditional mathematical 
models. Furthermore, there is a limited amount of 
measured data on the magnesium reduction rate. 
Consequently, it is imperative to develop a new 
method for accurately predicting the magnesium 
reduction rate. SVM finds an optimal hyperplane in 
high-dimensional space to maximize the interval 
between data points and the hyperplane [22], as 
shown in Fig. 1 (left). The SVM model has the 
advantages of clear output results, clear boundaries, 
stable performance of high-dimensional data, small 
sample robustness, good generalization effect and 
stable results. Previous researches [23-28] have 
suggested that the radial basis function (RBF) kernel 
support vector machine (SVM) model offers 
significant advantages in the analysis of small datasets 
and nonlinear regression applications. It effectively 
captures the nonlinear relationship between the 
magnesium reduction rate and its influencing factors. 
The input parameters for the SVM model included gas 
flow rate, briquetting pressure, ferrosilicon content, 
reduction temperature, and reduction time, while the 
output was the magnesium reduction rate. This study 
utilized 36 data points related to magnesium reduction 
rates, which were divided into training and testing sets 
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in an 80:20 ratio. During the training of the SVM 
model, the particle swarm optimization algorithm was 
employed to optimize the structural parameters (c, g, 
p) of the SVM. In this paper, Root Mean Square Error 
(RMSE, Eq.(4)) is used to evaluate the performance 
of the SVM model. The smaller the RMSE is, the 
higher the accuracy of the SVM model. 

                          
(4) 

 
Where, yi is the measured value,      is the predicted 

value, n is the sample number. 
 

Results and discussion of the SVM model 3.
 
Fig. 4 illustrates the comparison between the 

predicted magnesium reduction rates generated by the 
SVM model and the corresponding measured values. 
The predicted values demonstrate a strong correlation 
with the measured values, exhibiting a root mean 
square error (RMSE) of less than 2.84%. This 
indicates that the developed SVM model is highly 
accurate and suitable for predicting the magnesium 
reduction rate. 

Fig. 5 illustrates the effects of gas flow rate and 
briquetting pressure on the magnesium reduction rate. 
It is evident that as the gas flow rate increases, the 
magnesium reduction rate initially rises gradually and 
then stabilizes at a relatively constant level. This 
phenomenon occurs primarily because, at low gas flow 
rates, an increase in flow enhances the movement of 
magnesium vapor, leading to a higher magnesium 
reduction rate. However, once the gas flow rate 
reaches a certain threshold, excessive flow can lower 
the temperature of the reduction reaction, resulting in 

a decreased magnesium reduction rate. Furthermore, it 
is observed that as briquetting pressure increases, the 
magnesium reduction rate first rises gradually and then 
begins to decline. This behavior can be attributed to 
the fact that at low briquetting pressures, increasing the 
pressure reduces the distance between the reducing 
agent and the raw material. As the reduction reaction 
progresses, the diffusion distance for atoms decreases, 
thereby increasing the magnesium reduction rate. 
However, when briquetting pressure exceeds a certain 
level, excessive pressure compresses the distance 
between the reducing agent and the raw material too 
much, preventing the magnesium vapor from 
evaporating, which ultimately reduces the magnesium 
reduction rate. 

Fig. 6 illustrates the impact of reduction 
temperature and reduction time on the magnesium 
reduction rate. It is evident that as both the reduction 
temperature and reduction time increase, the 
magnesium reduction rate progressively rises. This 
phenomenon can be attributed to the fact that higher 
reduction temperatures and extended reduction times 
facilitate faster diffusion reactions, resulting in an 
elevated magnesium reduction rate. 

Fig. 7 illustrates the effect of ferrosilicon content 
on the magnesium reduction rate. As the ferrosilicon 
content increases, the magnesium reduction rate first 
increases and then decreases. When M is 1.15, the 
maximum magnesium reduction rate is 72.28%. This 
is mainly because when the ferrosilicon content is 
low, the contact area between MgO and the reductant 
increases with the increase of ferrosilicon content, 
which accelerates mass transfer and is conducive to 
the reduction of magnesium oxide. When M is 1.20, 
MgO and SiO2 enter the slag to participate in the 
slagging process without reduction, resulting in waste 
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Figure 4. Comparison between predicted and measured 
magnesium reduction rate in training and testing 
datasets

Figure 5. The influence of gas flow rate and briquetting 
pressure on magnesium reduction rate



of reductant and low recovery rate of metal 
magnesium. 

Figs. 5-7 illustrate the effects of gas flow rate, 
briquetting pressure, ferrosilicon content, reduction 
temperature, and reduction time on the magnesium 
reduction rate as predicted by the established SVM 
model. This prediction aligns with metallurgical 
mechanisms, indicating that the SVM model is a 
reliable tool for forecasting the magnesium reduction 
rate. 

Intelligent optimization of the smelting 4.
process of magnesium  

Process optimization process 4.1.
 
To reduce energy and gas consumption during the 

magnesium smelting process, it is essential to 
optimize this process. Based on the results of the 
SVM model presented in Section 3, the magnesium 
smelting process was optimized using a PSO 
algorithm, as illustrated in Fig. 1. In designing the 
fitness function, the objective is to minimize the 
difference between the measured magnesium 
reduction rate and the predicted magnesium reduction 
rate, as expressed in Eq. (5). For the PSO 
optimization, the population size is set to 20, and the 
number of evolutionary generations is set to 200. 

                                          
  (5) 

 
where, ηmea represents the measured magnesium 

reduction rate, and ηpre represents the magnesium 
reduction rate predicted by the SVM model. 

 
Experimentation 4.2.

 
The smelting process for magnesium was 

optimized using the method described in Section 4.1, 
achieving a magnesium reduction rate of 85%. The 
initial and optimized magnesium smelting processes 
are presented in Table 3. Compared to the initial 
process, the optimized process demonstrates a 
reduced gas flow rate, decreasing from 0.2 m³/h in the 
original process to 0.16 m³/h. Additionally, the 
magnesium smelting time is shortened from 4 hours in 
the original process to 3.72 hours. To verify the 
magnesium reduction rate under the optimized 
conditions, magnesium smelting experiments were 
conducted following the experimental method 
outlined in Section 2.1. The calculated magnesium 
reduction rate for the optimized process is 85%, 
indicating that machine learning algorithms can 
effectively optimize the magnesium smelting process, 
thereby achieving significant reductions in gas and 
energy consumption, which is crucial for resource 
conservation. 
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Figure 6. Effects of reduction temperature and reduction 
time on magnesium reduction rate

Figure 7. Effects of ferrosilicon content on magnesium 
reduction rate
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°C

Reduction time  
h

Magnesium 
reduction rate  

%

Initial process 0.2 15 1.15 1400 4 85

Optimized process 0.16 15 1.12 1398 3.72 85

Table 3. Comparison of initial and optimized magnesium smelting processes



Life Cycle Assessment (LCA) 5.
LCA assessment scope and goal 5.1.

 
The goal of this LCA study is to evaluate the 

environmental impacts of the optimized magnesium 
smelting process (based on SVM-PSO) in terms of 
energy consumption and CO₂ emissions, and to 
compare it with the initial process. The assessment 
scope follows the stages of fine grinding, mixing, 
briquetting, calcination, and reduction in a flowing 
argon atmosphere. The functional unit is defined as “1 
ton of primary magnesium produced”, which is 
consistent with the common functional unit in 
magnesium metallurgy LCA studies [20], ensuring 
comparability of assessment results. 

 
LCA data sources and assessment method 5.2.

 
The data required for the LCA were collected from 

two sources: (1) experimental data from this study, 
including energy consumption (electricity) and gas 
consumption (argon) during the optimized smelting 
process; and (2) literature data for the traditional 
Pidgeon process [7, 11], including energy 
consumption (standard coal equivalent), CO2 
emissions from carbonate decomposition and fuel 
combustion, and other relevant environmental data. 
The LCA assessment was conducted using the ISO 
14040/14044 standards, and the environmental impact 
assessment focused on two core indicators: total 
energy consumption and CO2 emissions. 

 
LCA results and analysis 5.3.

 
Table S6 (see Appendix for details) presents a 

comparison of total energy consumption and CO2 
emissions between the optimized process and the 
initial process. The total energy consumption of the 
optimized process is 2971.48 kgce∙t⁻¹ Mg, which is 
5.33% lower than that of the initial process. In terms 
of CO2 emissions, the optimized process emits 15.428 
t∙t⁻¹ Mg, a reduction of 3.63% compared with the 
initial process, 20% of argon gas consumption 
compared with the initial process (Table 3). The 
significant reductions in energy consumption, CO2 
emissions and argon gas consumption are mainly 
attributed to the optimization of smelting parameters 
(such as gas flow rate and  reduction temperature) by 
the SVM-PSO algorithm, which reduces energy waste 
caused by improper parameters and improves the 
utilization efficiency of raw materials and energy. 

These LCA results indicate that the optimized 
magnesium smelting process proposed in this study 
offers clear environmental advantages. Similar to the 
application of high-strength steel in automobiles—

where providing carbon emission data for end-users is 
crucial for automotive lightweight life cycle 
evaluation—the energy consumption and CO2 
emission data obtained from this LCA study can 
provide a reliable basis for the promotion and 
application of magnesium alloys in lightweight 
structures (e.g., aerospace, automotive components). 
This not only aligns with China’s green and low-
carbon development goals but also enhances the 
market competitiveness of magnesium alloys in the 
lightweight materials market. 

Furthermore, the LCA results verify the rationality 
of the machine learning-based optimization method—
by accurately optimizing the smelting parameters, the 
process achieves both a “stable reduction rate” and 
“energy conservation and emission reduction”, 
making it more efficient and environmentally friendly 
than the traditional experimental optimization 
methods. This integrated approach of “process 
optimization + LCA assessment” provides a new 
paradigm for the green optimization of magnesium 
smelting processes, and can also be extended to other 
metallurgical processes (e.g., steel smelting, 
aluminum smelting) to promote the low-carbon 
transformation of the metallurgical industry. 

 
Conclusions 6.

 
(1) The effects of varying gas flow rates, 

briquetting pressures, ferrosilicon content, reduction 
temperatures, and reduction times on the magnesium 
reduction rate were investigated. 

(2) The SVM model developed for predicting the 
magnesium reduction rate demonstrates high 
accuracy, with an RMSE of less than 2.84%. The 
magnesium reduction rate, which is influenced by gas 
flow rate, briquetting pressure, reduction temperature, 
and reduction time, aligns with the underlying 
metallurgical mechanisms as predicted by the SVM 
model. 

(3) Based on the established SVM model, an 
intelligent algorithm was employed to optimize the 
magnesium smelting process while maintaining a 
constant reduction rate. Compared to the original 
process, the optimized method features a reduced gas 
flow rate and a shorter reduction time, successfully 
achieving resource conservation. 

(4) LCA assessment focusing on energy 
consumption and CO2 emissions shows that the 
optimized process reduces total energy consumption 
by 5.33% and CO2 emissions by 3.63%, argon gas 
consumption by 20% compared with the initial 
process, providing precise environmental 
performance data for the promotion and application of 
magnesium alloys in lightweight structures. This 
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study not only provides a new method for the green 
optimization of magnesium smelting processes but 
also highlights the value of integrating ML and LCA 
in metallurgical process optimization, which supports 
the low-carbon development of the magnesium 
metallurgy industry. 
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Apstrakt 
 
Tradicionalni proces redukcije magnezijuma zahteva značajnu potrošnju energije, što je u suprotnosti sa kineskim ciljevima 
zelenog razvoja i niskog ugljeničnog otiska. Stoga je istraživanje energetski efikasnijih metoda od ključnog značaja za 
zaštitu životne sredine. Na stepen redukcije magnezijuma utiče više faktora, uključujući protok gasa, pritisak briketiranja, 
sadržaj ferosilicijuma, temperaturu redukcije i vreme redukcije. U ovom radu primenjena je analiza podataka zasnovana 
na algoritmu mašinskog učenja — mašini potpornih vektora (Support Vector Machine, SVM) — radi predviđanja stepena 
redukcije magnezijuma. Budući da su procesi uštede energije jedan od primarnih ciljeva industrijskih preduzeća, izvršena 
je optimizacija procesa korišćenjem algoritma optimizacije rojem čestica (Particle Swarm Optimization, PSO) zasnovanog 
na SVM modelu, uz održavanje konstantnog stepena redukcije magnezijuma. Cilj ove optimizacije jeste smanjenje potrošnje 
energije i gasa tokom procesa proizvodnje magnezijuma. Eksperimentalna verifikacija stepena redukcije magnezijuma u 
optimizovanim procesnim uslovima pokazala je da primena algoritama mašinskog učenja može doprineti uštedi resursa u 
procesu redukcije magnezijuma. Radi dodatne procene ekoloških koristi optimizovanog procesa sprovedena je analiza 
životnog ciklusa (Life Cycle Assessment, LCA), sa fokusom na potrošnju energije i emisije ugljen-dioksida (CO2). Rezultati 
LCA analize ukazuju da optimizovani proces značajno smanjuje potrošnju energije tokom životnog ciklusa (za 5,33%) i 
emisije CO2 (za 3,63%) u poređenju sa početnim procesom, čime se obezbeđuju precizni podaci o ekološkim 
performansama za promociju i primenu legura magnezijuma u lakim konstrukcijama. 
 
Ključne reči: Mašinsko učenje; Magnezijum; Stepen redukcije; Inteligentna optimizacija procesa
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