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Optimizing Electromagnetic Cigarette Heaters Using 
PSO-NSGA II Algorithm: An Effective Strategy to Improve 
Temperature Control and Production Rate
Jifan Xu, Yan Chen, Henbing Yan, and Xuesong Yang

Faculty of Information Engineering and Automation, Kunming University of Science and Technology, 
Kunming, Yunnan, China

ABSTRACT
The global tobacco industry has made significant strides in 
reducing the harmful emissions of tobacco by focusing on the 
development of non-burning cigarette products. Among these 
innovations, electrically heated noncombustible cigarette smok-
ing sets have garnered attention. However, one of the chal-
lenges faced by these products is the reliance on empirical 
values for temperature control, resulting in subpar taste and 
low production rates. To address these issues, this research 
introduces an optimization strategy that utilizes advanced algo-
rithms such as Particle Swarm Optimization (PSO) and tradi-
tional non-dominated sorting genetic algorithm-II (NSGA-II). By 
leveraging these algorithms, this study aims to optimize the 
performance of electrically heated noncombustible cigarette 
smoking sets. The research methodology encompasses 
a comprehensive review of relevant literature and the systema-
tic introduction of a simulation method. Through the proposed 
approach, a finite element model verification is conducted, 
which demonstrates a minimal maximum relative error between 
the model values of the objective function and the simulation 
values of the optimized parameters. As a result, this multi- 
objective optimization approach proves to be highly effective 
in enhancing the performance of electromagnetic cigarette 
heaters. It not only addresses the taste and production rate 
issues associated with existing electrically heated noncombus-
tible cigarette smoking sets but also provides a scientifically 
grounded method for optimizing these devices. This research 
paves the way for further advancements in the tobacco industry, 
contributing to the development of safer and more satisfying 
alternatives to traditional cigarettes.
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Introduction

In the last few years, an increasing number of consumers have turned to 
alternative tobacco products as traditional tobacco has been deemed harmful 
and public smoking has been prohibited worldwide. These new products are 
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designed to reduce harm, eliminate side stream smoke, and fulfill physiological 
needs. Among these products, the electric heating cigarette is the most pop-
ular, as it heats tobacco at low temperatures to prevent the release of harmful 
components like CO and tar (Aszyk et al. 2018; de Falco et al. 2020; Soulet and 
Sussman 2022b). Induction heating is a technology that is both eco-friendly 
and commonly utilized in both industrial and household settings due to its 
non-contact heating and high efficiency in converting heat. Electric heating 
noncombustible cigarettes are composed of both electric heating fittings and 
a new type of cigarette (Guo et al. 2021; Kannan, Fisher, and Birgersson 2021; 
Narimani, da Silva, and Mukherjee 2020). The temperature control system 
includes a heating element, detection module, control module, output module, 
and power module (Soulet and Sussman 2022a). The control module receives 
electricity from the power module and directs voltage to the heating element, 
rapidly increasing its temperature to heat the cigarettes (Hao, Luo, and Pan  
2021; Primavessy et al. 2021; Singh et al. 2021).

The electric heating non-burning cigarette smoking set has two stages of 
temperature control: preheating and constant temperature (Cheng et al. 2022). 
The preheating stage heats the cigarette to the set temperature, providing heat 
for the electrically heated unburned cigarette to bake the tobacco (Pavithra 
et al. 2022). To minimize wait time for users and prevent burning, the 
preheating stage should take no longer than 20 seconds and have a fast- 
heating rate. During the constant temperature stage, the electrically heated 
noncombustible cigarette is roasted to produce smoke (Li et al. 2020). To 
ensure proper baking in the next smoking action, the temperature control 
system must swiftly increase the temperature to the preset level when it drops 
below. The baking effect of tobacco shreds by smoking utensils is influenced 
by the heating rate during the preheating stage, temperature stability in the 
constant temperature stage, and accuracy of temperature measurement (Guo 
et al. 2019; He et al. 2018; Zhai et al. 2019).

Compared to conventional resistance heating, electromagnetic cigarette 
heaters offer fast thermal response, uniform heating, and easy automatic 
control for heating special cigarettes. Achieving the desired target tem-
perature of tobacco material quickly is crucial for consumers’ smoking 
experience evaluation when using electromagnetic cigarette heaters 
(DeRousseau, Kasprzyk, and Srubar 2021). The temperature distribution 
on the heating element is greatly influenced by the current frequency and 
current intensity of the electromagnetic heating component. Most smok-
ing appliances on the market have heating elements made of high perme-
ability metal materials, and their heating process is similar to that of 
induction heating of steel materials. However, previous studies (such as 
reference (Ridha et al. 2021)) have only considered the influence of one 
parameter at a time on the temperature field distribution without con-
sidering the coupling between induction heating parameters. Other 
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studies (such as reference (de Falco et al. 2020) and (Narimani, da Silva, 
and Mukherjee 2020)) used different optimization methods, such as 
multi-objective genetic algorithm or artificial neural network, to optimize 
induction heating parameters, but these methods only optimized the 
temperature of the metal workpiece without considering the tobacco 
material inside the cigarette.

The electromagnetic cigarette heater is a nonlinear coupled heat transfer 
system consisting of an electromagnetic field, temperature field, and circuit. It 
undergoes complex magnetothermal coupling during heating and is a time- 
varying multivariate nonlinear function (She et al. 2021). Achieving an opti-
mal temperature distribution on the heater is crucial, and to do so, it’s 
important to globally optimize the induction heating parameters. This study 
proposes a multi-objective genetic algorithm that is based on Particle Swarm 
Optimization and an improved NSGA-II algorithm to optimize the tempera-
ture field distribution characteristics of electromagnetic heaters. Unlike exist-
ing research that adjusts temperature control parameters individually, this 
approach provides a more efficient solution by optimizing the parameters 
globally. This is especially important in mass production, where individual 
parameter adjustment is time-consuming and inefficient, leading to a low 
qualified rate. Therefore, studying the temperature control system of new 
tobacco products is essential to improve the qualification rate of cigarette 
products and accelerate the development of new tobacco products in China.

Review of the Previous Studies

The State Tobacco Monopoly Bureau of China has identified the development 
of new cigarette products as a key focus of tobacco development in the 
country, as the industry rapidly evolves. In 2014, a major project was launched 
to develop new cigarettes, including electric heating noncombustible products.

Market research shows that most global manufacturers of new cigarette 
products are concentrated in Shenzhen, with an output share of 70% of the 
global market. Shenzhen has developed a comprehensive industrial chain, 
encompassing product design, assembly, manufacturing, and related sup-
pliers. However, due to foreign technical barriers, there is a lack of relevant 
literature on the key technologies of new cigarette products. Furthermore, 
China started researching new cigarettes later than other countries, and 
while temperature-controlled smoking tools have been developed abroad, 
research on electric heating noncombustible cigarette smoking tools has 
only just begun in China. There are currently no well-known new tobacco 
products in China, with most processing done by foreign countries. The 
temperature sensitivity of electric heating noncombustible cigarette smok-
ing tools remains largely unexplored, and foreign technical barriers have 
hampered progress in China’s research efforts. At present, the temperature 
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control system for China’s electric heating non-burning cigarettes relies 
mainly on Pulse Width Modulation (PWM), which adjusts the duty ratio of 
a PWM wave to control the heating time of the power supply voltage for 
the heating module.

When the control module detects the resistance value of the heating ele-
ment, it calculates the corresponding temperature of the heating element 
according to the resistance value, and then uses the difference between the 
temperature and the preset temperature to perform PID (Proportion 
Integration Differentiation) operation, and then adjusts the output PWM to 
control the temperature so as to meet the requirements (DeRousseau, 
Kasprzyk, and Srubar 2021; He et al. 2018). In recent years, some scholars 
have designed the structure and overall function of smoking utensils 
(DeRousseau, Kasprzyk, and Srubar 2021). Chongqing China Tobacco 
Industry Co., Ltd. has solved the problem of high temperature of the outer 
wall of new cigarette smoking utensils by designing the structure and appear-
ance of smoking utensils (Ridha et al. 2021). Some scholars have studied the 
harmfulness of tobacco leaves (de Falco et al. 2020) and the thermal behavior 
of tobacco materials under the condition of thermal cracking (Kannan, Fisher, 
and Birgersson 2021), and the research on the use function of electric heating 
incombustible cigarette products is also common. At present, most of the 
research on electric heating noncombustible cigarette products in China 
focuses on the toxicological analysis, structure, appearance and function of 
cigarettes (She et al. 2021), but it is rare to study the stability influencing 
factors and key parameters of temperature control system for electric heating 
noncombustible cigarettes. The design parameters of most electric heating 
non-burning new cigarette smoking sets in China are designed only by 
engineers’ experience. In the temperature control system, the basic parameters 
of key heating elements, such as initial resistance, are selected only by experi-
ence, and their resistance values at room temperature are between 0.53, 
lacking theoretical research support. Most smoking sets have large tempera-
ture fluctuations, uneven heating of cigarettes, and large fluctuations in smok-
ing taste.

The research gaps in the discussed study can be identified as follows:

(1) Lack of Temperature Control Optimization: The reliance on empirical 
values for temperature control in electrically heated noncombustible 
cigarette smoking sets suggests a gap in optimizing this crucial aspect. 
The study aims to fill this gap by introducing an optimization strategy 
using advanced algorithms.

(2) Subpar Taste and Low Production Rates: The mentioned challenge of 
subpar taste and low production rates in electrically heated noncom-
bustible cigarette smoking sets indicates a need for improvement. The 
research aims to address these issues through the proposed 
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optimization strategy, but the specific gaps within the existing methods 
and technologies are not explicitly mentioned.

(3) Limited Scientifically Grounded Optimization Methods: The research 
highlights the importance of providing a scientifically grounded 
method for optimizing electrically heated noncombustible cigarette 
smoking sets. This implies a potential gap in the current scientific 
literature regarding effective optimization approaches for such devices.

(4) Limited Validation and Verification Studies: The mention of conduct-
ing a finite element model verification to validate the proposed 
approach suggests a potential gap in existing research regarding com-
prehensive validation and verification studies for optimizing electro-
magnetic cigarette heaters.

By identifying these research gaps, the study aims to contribute to the existing 
knowledge and address the limitations in optimizing electrically heated non-
combustible cigarette smoking sets, ultimately leading to the development of 
safer and more satisfying alternatives to traditional cigarettes.

As mentioned above, the existing research work of electrically heated non-
combustible cigarette smoking sets mainly adjusts the corresponding tem-
perature control parameters one by one according to the temperature control 
effects of different smoking sets, and solves the problem of inaccurate tem-
perature control of electrically heated cigarette smoking sets in production 
practice. It requires a large number of skilled engineers to adjust the para-
meters one by one in the production line according to the temperature control 
effects, resulting in low qualified rate and low efficiency in mass production. In 
order to rapidly and stably develop the new cigarette products industry in 
China and improve the qualified rate of cigarette products in mass production, 
it is necessary to study the temperature control system of new tobacco 
products.

Method and Algorithm Theory

The proposed algorithm, which combines Particle Swarm Optimization (PSO) 
and non-dominated sorting genetic algorithm-II (NSGA-II), offers several 
advantages and disadvantages in the optimization of electromagnetic cigarette 
heaters. Let’s discuss them in detail:

Advantages:

(1) Improved Optimization Performance: PSO and NSGA-II are both well- 
established optimization algorithms known for their effectiveness in 
solving complex problems. By combining these algorithms, the pro-
posed approach benefits from their complementary strengths. PSO 
excels in exploring the search space efficiently and quickly converging 
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to optimal solutions, while NSGA-II excels in maintaining a diverse set 
of solutions and providing a trade-off between conflicting objectives. 
This combination enhances the optimization performance and 
increases the likelihood of finding high-quality solutions.

(2) Multi-Objective Optimization: The proposed algorithm is designed for 
multi-objective optimization, which is crucial when dealing with con-
flicting objectives. In the context of electromagnetic cigarette heaters, 
there are multiple parameters to optimize, such as temperature control, 
taste, and production rates. The multi-objective nature of the algorithm 
allows for the simultaneous consideration of these objectives and the 
generation of a set of Pareto-optimal solutions that represent different 
trade-offs between them. This provides decision-makers with a range of 
optimized solutions to choose from based on their specific 
requirements.

(3) Scientifically Grounded Methodology: The proposed algorithm is built 
upon a solid scientific foundation. The research encompasses 
a thorough review of relevant literature and the systematic introduction 
of a simulation method. This ensures that the optimization process is 
based on a comprehensive understanding of the underlying principles 
and factors affecting the performance of electromagnetic cigarette hea-
ters. By incorporating scientific rigor, the proposed algorithm increases 
the confidence in its results and provides a reliable framework for 
optimizing these devices.

Disadvantages:

(1) Computational Complexity: The combination of PSO and NSGA-II 
algorithms may increase the computational complexity of the optimiza-
tion process. Both algorithms require a considerable number of itera-
tions and evaluations of the objective functions to converge to optimal 
solutions. This can result in longer computational times, especially 
when dealing with complex electromagnetic models or a large number 
of optimization parameters. It is essential to consider the computational 
resources and time constraints when applying the proposed algorithm.

(2) Algorithm Parameter Tuning: Both PSO and NSGA-II algorithms have 
specific parameters that need to be set appropriately to ensure their 
optimal performance. Tuning these parameters can be a challenging 
task, as their effectiveness may vary depending on the specific problem 
being addressed. The proper selection of parameters, such as swarm 
size, inertia weight, mutation rate, and crossover rate, is crucial for 
achieving good convergence and diversity in the solutions. Careful 
experimentation and fine-tuning of these parameters are necessary to 
maximize the algorithm’s performance.
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(3) Dependency on Simulation Accuracy: The proposed algorithm relies on 
accurate simulation models to evaluate the objective functions and 
determine the fitness of solutions. Any discrepancies or inaccuracies 
in the simulation models can affect the optimization process and lead to 
suboptimal results. It is important to ensure that the simulation models 
used in the algorithm are validated and representative of the real-world 
behavior of electromagnetic cigarette heaters. Continuous validation 
and refinement of the simulation models are necessary to minimize 
any potential discrepancies.

In summary, the proposed algorithm offers advantages such as improved 
optimization performance, multi-objective capability, and a scientifically 
grounded methodology. However, it also presents challenges in terms of 
computational complexity, parameter tuning, and reliance on accurate simu-
lation models. These factors need to be carefully considered and managed to 
leverage the benefits of the algorithm effectively.

Establishment of the Simulation Model

Self-developed electric heating new cigarette smoking set consists of power 
supply module, heating control module, display module and heating cup. The 
main control circuit design of STM32F030 is the core part of the whole 
temperature-controlled electronic cigarette design; Make full use of the pro-
cessing power and stability of efficient kernel system. Its hardware circuit 
diagram is shown in Figure 1.

Figure 1. Electric heating new cigarette smoking set.
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Figure 2 shows the design of the hardware circuit of the detection module, 
which mainly converts the temperature signal into the voltage signal through 
the temperature sensor, and compares the voltage through the reference 
voltage of the IO port, resulting in the voltage difference which is input into 
the main control MCU unit for temperature control. Under the inversion 
effect of the smoke oscillation module, alternating current is introduced into 
the electromagnetic coil, which will generate a high-frequency alternating 
magnetic field around the ferromagnetic metal inductor. The changed mag-
netic field makes the surface of the metal inductor form layers of eddy 
currents.

Under the thermal effect of the eddy currents, the surface temperature 
of the metal inductor rises rapidly, and then the tobacco material is 
heated. The heating principle is shown in Figure 3. The metal inductor 
is located inside the smoking article, and the heat (from the metal 

Figure 2. Hardware circuit of detection module.

Figure 3. Schematic diagram of electromagnetic induction heating.
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inductor) heats the smoking article based on the heat conduction 
principle.

Theory of PSO Algorithm

In 1995, James Kennedy and Russell Eberhart developed a simplified algo-
rithm model inspired by the regular feeding behavior of birds. After years of 
improvements, it evolved into the Particle Swarm Optimization (PSO) algo-
rithm, also known as the Particle Swarm Algorithm.

The PSO algorithm has the advantages of fast convergence speed, fewer 
parameters, and simple implementation (it converges faster to the optimal 
solution for high-dimensional optimization problems than genetic algo-
rithms). However, it can also suffer from the problem of getting stuck in 
local optimal solutions. The idea of the PSO algorithm originated from the 
study of bird feeding behavior. Birds use collective information sharing to find 
the optimal destination for the group.

Imagine this scenario in Figure 4: a flock of birds is randomly searching for 
food in a forest. They want to find the location with the most amount of food. 
However, none of the birds know exactly where the food is located, they can 
only sense the general direction of the food. Each bird searches in the direction 
it perceives and records the location where it has found the largest amount of 
food during the search. Additionally, all the birds share the locations and 
amount of food they have discovered during their search, so the flock can 
know where the most food is currently located.

During the search, each bird adjusts its search direction based on the 
location with the largest amount of food that it remembers and the location 
with the largest amount of food recorded by the flock. After a period of 
searching, the flock can find the location in the forest with the largest amount 
of food (the global optimum). The PSO algorithm starts with a set of random 
particles (random solutions) and iteratively finds the optimal solution. During 

Figure 4. Schematic diagram of PSO algorithm model.
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each iteration, particles update themselves by tracking two extreme values. The 
first extreme value is the best solution found by the particle itself, called the 
personal best (pbest). The second extreme value is the best solution found in 
the entire population, known as the global best (gbest).

Discussion About the Traditional PSO-NSGA II-Based Algorithm

Non-dominated sorting genetic algorithm Non-dominated sorting genetic 
algorithm-II (NSGA-II) puts forward a fast non-dominated sorting algorithm, 
and introduces the elite strategy to avoid the loss of excellent individuals in the 
process of evolution, so as to obtain a better design; By using congestion 
degree and congestion degree comparison operator, the population is rich in 
the evolution process, which makes up for the deficiency of the original 
algorithm and improves the operation speed and robustness of the algorithm. 
There is no unique global optimal solution for multi-objective optimization 
problems, but a set of optimal solutions, which is called Pareto optimal 
solution. In this paper, the multi-objective optimization problem of electro-
magnetic cigarette heater takes the output temperature and rising time of the 
heating element in the electromagnetic heating assembly as the objective 
function, and obtains the Pareto solution set with the output temperature in 
the range of 335 to 375°C and fast response speed (i.e. short rising time) by 
globally searching the electromagnetic parameters(I,f) in PSO.

The NSGA-II algorithm divides the evolutionary population into several 
layers according to the dominant relationship: the first layer is the set of non- 
dominant individuals of the evolutionary population; The second layer is the 
set of non-dominated individuals obtained by removing the first layer of 
individuals in the evolutionary population; The third layer selects by analogy 
according to the size of the individual layer, that is, the frontier value. The 
earlier the layer is, the higher the priority will be, and the individuals in the 
same layer will be judged by the crowding degree until the number of 
individuals reaches the set population size. However, the NSGA-II algorithm 
still has some defects, for example, its running efficiency is low and its 
accuracy is low when facing the objective function with high complexity.

Optimization Strategy of the PSO-NSGA II-Based Algorithm

In this paper, an improved NSGA-II algorithm is proposed to improve the 
operation speed and efficiency of the algorithm. In the genetic process, its 
crossover probability operator obeys the normal distribution, and the muta-
tion probability will be self-adaptively adjusted with the fitness evaluation 
function of individual population, so as to enrich the diversity of the popula-
tion as much as possible while keeping the excellent genes of individual 
population to the maximum extent.
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The selection of constants such as crossover and p values in a study is an 
important aspect that can impact the results and conclusions. Choosing these 
constants is typically based on a combination of empirical evidence and 
theoretical considerations.

Specifically, crossover and mutation operators are fundamental compo-
nents of evolutionary algorithms for searching and optimizing solutions. 
The choice of crossover operator determines how genetic material is 
exchanged between individuals in the population, while the mutation operator 
introduces small random changes to the genetic material. Both operators 
influence the exploration and exploitation capabilities of the algorithm.

In the literature, the selection of crossover and mutation operators, as well 
as their associated parameters, often involves experimentation and analysis. 
Researchers typically consider previous studies that have explored different 
variations of these operators and assess their performance on benchmark 
problems or real-world scenarios.

The selection process can involve conducting pilot experiments or using 
established best practices in the field. Researchers may try different operators 
and parameter settings combinations to find a balance between exploration 
(diversification) and exploitation (intensification) within the evolutionary 
algorithm. They analyze the performance metrics, such as convergence 
speed, solution quality, and computational efficiency, to evaluate the effective-
ness of different choices.

Furthermore, the choice of crossover and mutation parameters may also 
depend on the characteristics of the problem domain. For example, the 
population size, mutation rate, and crossover probability can be adjusted 
based on the size and complexity of the problem, the desired level of explora-
tion, and the computational resources available.

It is worth noting that selecting these constants is not always 
a straightforward task, and there may not be a universally optimal choice. 
Different problems and domains may require specific configurations to 
achieve the best performance. Hence, it is common for researchers to provide 
justifications for their choices based on their experience, insights from pre-
vious studies, and the problem at hand.

In summary, the selection of constants such as crossover and p values in 
evolutionary computation research is typically based on a combination of 
empirical experimentation, analysis of performance metrics, insights from 
previous studies, and considerations specific to the problem domain. 
Researchers aim to find a configuration that balances exploration and exploi-
tation, considering the problem’s characteristics and available computational 
resources.

The basic process of the improved NSGA⁃II algorithm can be summarized 
as follows:
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(1) randomly generating an initial parent population Pt with a population 
size of M, encoding individual genes of the population in a real number 
encoding mode, and performing decoding operation to calculate indi-
vidual values on each objective function;

(2) Based on the values of population individuals in each objective function, 
the parent population Pt is sorted quickly and non-dominated, and the 
frontier where individuals are located is assigned a rank value, and the 
crowding degree of individuals is calculated;

(3) According to the tournament mechanism, M/2 individuals are selected 
from the parent population Pt to form a paired population, and the 
normal distribution crossover operator is used to adaptively adjust the 
mutation operator to generate the offspring population Qt with the size 
of N, and the parent population Pt and the offspring population Qt are 
merged into a population with the size of 2M;

(4) The merged population is sorted in a non-dominated way, and 
M individuals are selected to form a population to replace the parent 
population Pt based on the rank value and crowding degree of each 
individual in the population;

(5) Repeat the above steps until the termination conditions are met.

Introducing Normal Distribution Crossover Operator

In the process of population evolution, the traditional crossover operator 
realizes information exchange between individuals with a fixed probability, 
which makes individuals only solve in a small search space, and the sampling 
space is small, so the Pareto solution set obtained is easy to fall into local 
optimum. Therefore, the traditional crossover operator can be improved to 
encode the population individuals with real numbers, assuming that there are 
parent individuals p1 and p2 in the population, and the offspring individuals x1 
and x2 can be obtained through the normal distribution crossover operator, 
where i represents the i th variable of individual chromosome gene string.

① Randomly generate a number p0 in the range of (0,1)
② Compare the relationship between p and the given cross probability 

threshold pm, taking pm = 0.5 as an example.
If p < 0. 5, then: 

x1;i ¼
pi;1 þ p2;i

2
þ

1:481ðpi;1 � p2;iÞjNð0; 1Þj
2

x2;i ¼
pi;1 þ p2;i

2
�

1:481ðpi;1 � p2;iÞjNð0; 1Þj
2

(1) 

If p > 0. 5, then: 
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x1;i ¼
pi;1 þ p2;i

2
�

1:481ðpi;1 � p2;iÞjNð0; 1Þj
2

x2;i ¼
pi;1 þ p2;i

2
þ

1:481ðpi;1 � p2;iÞjNð0; 1Þj
2

(2) 

Where | N(0,1) | represents a random variable that obeys the standard 
normal distribution.

In the one-dimensional search space, the traditional crossover opera-
tor and the normal distribution crossover operator are respectively used 
to carry out genetic operations on individuals, and the given two parent 
individuals are crossed 1000 times to generate 2000 offspring indivi-
duals, and the distribution of offspring individuals in the search space is 
compared. The given two parent individuals are crossed 1000 times, and 
the initial values of parent individuals p1 and p2 are set to 0. 7 and 0.2 
respectively. The distribution of the crossover operator search space is 
shown in Figures 5 and 6.

The value range of new individuals obtained by normal distribution cross-
over operator is (−1.5,3.5), while the value range of new individuals obtained 
by simulating binary crossover operator is (0.1,0.8). Obviously, the new 
individuals obtained by normal distribution crossover operator have more 
uniform distribution and wider search space.

Figure 5. Spatial distribution of traditional crossover operator search.
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Adaptive Adjustment of Mutation Operator

The mutation operation of the traditional NSGA-II algorithm mostly adopts 
polynomial mutation mode, which is subjective and has poor convergence 
performance. By adjusting the compilation mode, the convergence speed of 
the population evolution process can be improved and the population diver-
sity can be enhanced. The operation process of adaptive adjustment mutation 
operator is as follows:

The individual variation probability Pm(xi) is expressed as 

PmðxiÞ ¼ 2� Pm � eðxiÞ;

eðxiÞ ¼
EðxiÞ

PM

j¼1
EðxjÞ

MPm:

Pm ¼
1
M

XM

j¼1
PmðxjÞ;

(3) 

WhereeðxiÞis the fitness of the individualxi, E xið Þis the fitness evaluation 
function of the individualxi, PmðxiÞis the mutation probability of the 
individualxi, �Pmis the average mutation probability, and M is the size of the 
population.

The mathematical expressions explained as follows:

Figure 6. Search space distribution of normal distribution crossover operator.

e2222257-1996 J. XU ET AL.



(1) The first equation states that the Pareto solution result for the variable 
x subscript i (Pm(xi)) is equal to 2 multiplied by the mean Pareto 
solution (�Pm) for variable x subscript i, subtracted by the value of 
e subscript i. Here, ei represents the error term associated with the 
variable x subscript i.

(2) The second equation defines the error term ei as the expectation value 
(E) of variable x subscript i, divided by the sum of the expectation values 
of all variables x subscript j (j ranging from 1 to M) multiplied by the 
mean Pareto solution for variable x subscript i (�Pm(xi)).

(3) The third equation expresses the mean Pareto solution for variable 
x subscript i (�Pm(xi)) as the reciprocal of M (the total number of 
variables) multiplied by the sum of the Pareto solution results for 
variable x subscript j (j ranging from 1 to M).

In summary, these equations describe the relationship between the Pareto 
solution results, mean Pareto solutions, and error terms associated with each 
variable in a research context.

According to the above formula, the mutation probability of individuals 
with larger fitness is relatively small, and the excellent genes in the population 
are maintained to the greatest extent. On the contrary, for the inferior indivi-
duals in the population, the mutation probability should be improved as much 
as possible, which can not only enrich the diversity of the population, but also 
accelerate the convergence speed of the population evolution process.

Optimization Results and Analysis of NSGA⁃II

Multi-objective optimization is a common problem in reality. Compared with 
single-objective optimization, the biggest characteristics of multi-objective 
optimization are conflict and incommensurability. Conflict means that the 
improvement of one sub-goal may cause the performance of another or several 
other sub-goals to decrease, that is, there is no way to make all the goals 
achieve the best at the same time, so we can only make a compromise choice 
among them; Inconsistency refers to the fact that the dimensions of multiple 
targets cannot be directly compared horizontally. A common example is the 
contradiction between quality and efficiency in engineering, which requires 
a balanced solution.

According to the PSO prediction model, the values of population indivi-
duals on each objective function are calculated, and the improved NSGA⁃II 
algorithm is used to globally optimize the decision variables in the search 
space, and the Pareto solution set of multi-objective optimization of electro-
magnetic cigarette heater is obtained. In order to obtain better optimization 
results, the population size of NSGA⁃II is set to 300, the evolution generation is 
200 (we have conducted convergence analysis during our experimentation to 
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determine the point at which the algorithm achieves satisfactory convergence. 
By monitoring the convergence behavior of the optimization algorithm over 
multiple iterations, we have observed that the algorithm’s performance, in 
terms of finding high-quality solutions, stabilizes or plateaus after around 200 
iterations. Further iterations do not lead to significant improvements or 
provide additional insights), the crossover probability threshold Pm and the 
average mutation probability¯ Pm are 0.8 and 0.05, respectively. The distribu-
tion of Pareto solution set obtained at the end of generation 200 is shown in 
Figure 7.

Select three groups of optimized parameters (I, f) optimized by improved 
NSGA⁃II from Figure 7 to decode, calculate their values in each objective 
function, and compare them with the simulation values obtained by the finite 
element model. It can be concluded that the model values of optimized 
parameters obtained by this model in each objective function have little 
error with the simulation values of the finite element model. In the next 
step, aiming at the multi-objective optimization method of the model, the 
latest and most advanced algorithm can be used to optimize the structure and 
parameters of NSGA-II algorithm, so as to obtain better optimization results. 
In addition, more multi-objective optimization algorithms (for example, 
multi-objective simulated annealing algorithm) can be introduced to further 
explore the multi-objective optimization method for laser direct deposition 
process parameters.

Figure 7. Pareto solution set of improved NSGA-II optimization.
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Conclusion

This paper presents a novel approach to globally optimize the induction 
heating parameters of an electromagnetic cigarette heater. The proposed 
method employs a multi-objective genetic algorithm based on PSO and an 
improved NSGA-II algorithm. The training samples are generated by the 
finite element software Comsol using a smoking set simulation model. 
COMSOL Multiphysics® Version 6.1 is a widely used commercial Finite 
Element Analysis (FEA) software that enables engineers and researchers to 
simulate and analyze various physical phenomena. It stands for 
“COMputational SOLutions” and offers a comprehensive set of tools for 
modeling, simulating, and optimizing systems involving multiple physics 
domains. COMSOL allows users to solve complex multiphysics problems 
by coupling different physics phenomena, such as heat transfer, fluid flow, 
structural mechanics, and electromagnetics.

First, a PSO model is established to optimize the output temperature and 
rising time of the heating element of the smoking set. The kernel parameters 
and penalty factors are then optimized using a genetic algorithm. The output 
of the predicted model is considered as the objective function to be optimized 
by the improved NSGA-II algorithm, which calculates the Pareto solution set. 
To obtain better optimization results, under the optimal parameters, the 
crossover probability threshold Pm is 8 and the average mutation probability¯ 
Pm is 0.05. Furtherly, the results show that the error between the optimized 
parameters and the finite element model is minimal, indicating the effective-
ness of this method. Compared to traditional methods, this approach can 
optimize multiple objective functions and search the entire search space in 
parallel, overcoming the issue of many traditional methods falling into local 
optimization.
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