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such as Convolutional Neural Networks (CNN) [3], LSTM 
[4], Transformers, and Gated Recurrent Unit (GRU) have 
been proposed as efficient alternatives to traditional meth-
ods. These models enable more accurate predictions by 
understanding temporal sequences and capturing long-term 
dependencies; however, they still require optimization to 
improve their accuracy when dealing with large and noisy 
datasets. For example, ANNs require careful feature design 
to achieve optimal performance, but LSTMs can automati-
cally extract complex temporal patterns from raw data. In 
training ANNs on sequence data, the problem of vanishing 
gradient becomes more severe, especially in long sequences, 
while LSTM effectively mitigates this problem by using 
gating mechanisms [5]. ANNs are unable to incorporate 

1  Introduction

In today’s world, with the increasing complexity and multi-
dimensionality of data, the need for innovative solutions to 
tackle various scientific and industrial challenges is more 
pressing than ever. One of the practical approaches in this 
regard is the use of machine learning and Deep Learning 
(DL) methods to analyze, model, and predict the behavior 
of complex systems [1]. Algorithms such as linear regres-
sion, decision trees, or Artificial Neural Networks (ANNs), 
including MLP and RBF, exhibit acceptable performance in 
fundamental problems; however, they struggle to provide 
adequate accuracy when confronted with nonlinear struc-
tures and long-term time dependencies [2]. Algorithms 
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Abstract
The combination of particle swarm optimization algorithm with long short-term memory has led to new horizons in data 
analysis and solving complex problems. The particle swarm optimization has been used to solve complex and hard opti-
mization problems since 1995 and has gained extraordinary popularity among researchers. The combination of particle 
swarm optimization-long short-term memory is carried out in order to simultaneously utilize the global search capability 
and convergence ability of the particle swarm optimization to optimize long short-term memory in modeling long-term 
temporal dependencies. The goal of the particle swarm optimization-long short-term memory model is to increase the 
prediction accuracy and reduce the error in solving complex and dynamic real-world problems. In this paper, a compre-
hensive and structured look at the scientific literature of particle swarm optimization-long short-term memory models 
between 2019 and June 2025 has been conducted. By categorizing the articles according to the publication date and place 
of publication, it was found that prominent publishers such as MDPI, Springer, Elsevier, and IEEE played a major role in 
the publication of particle swarm optimization-long short-term memory models in 2024. This paper aims to provide a clear 
overview of the potential applications of particle swarm optimization-long short-term memory in various domains. particle 
swarm optimization-long short-term memory has been widely used in engineering systems design, time series forecasting, 
and the oil and gas industry. This paper analyses the strengths and weaknesses, as well as the challenges of complexity 
in hybrid architectures, and issues related to scalability and optimization. Finally, future directions are proposed with an 
emphasis on performance enhancement and development of adaptable solutions for real-world problems.
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information about previous examples into learning the cur-
rent example, which severely affects their performance in 
applications such as machine translation or natural language 
analysis.

1.1  Motivation

The optimization process in deep learning models is crucial 
not only for selecting the appropriate architecture but also 
for fine-tuning parameters, learning rates, and cost func-
tions. In many cases, using conventional algorithms to train 
LSTM models does not lead to the desired prediction accu-
racy, because these models have difficulty finding the opti-
mal minimum of nonlinear functions with a large number of 
parameters [6, 7]. Conventional training algorithms, such 
as Stochastic Gradient Descent (SGD) or Adam, often get 
trapped in local minima and struggle to perform well in solv-
ing complex problems with high noise or unbalanced data. 
Therefore, utilizing advanced optimization algorithms, such 
as evolutionary algorithms, adaptive gradient algorithms, or 
combining machine learning methods with metaheuristic 
methods, can significantly enhance LSTM results [8].

In recent decades, the increasing complexity of real-
world problems, the emergence of nonlinear, multi-objec-
tive, and unstable systems, have led to the decline in the 
efficiency of classical methods based on deterministic opti-
mization and local search [9]. In this regard, metaheuristic 
algorithms, which are inspired by natural, biological, and 
social phenomena, have been proposed as flexible, scalable, 
and robust methods for tackling complex and uncertain 
search spaces. By eliminating the traditional dependence on 
differentiability, continuity, or convexity of objective func-
tions, these algorithms have opened new horizons in solving 
NP-hard problems. Metaheuristic algorithms, unlike classi-
cal techniques, are based on directed random search [10, 
11]. At the applied level, the implementation and applica-
tion of metaheuristic algorithms have expanded in a wide 
range of fields, including industrial engineering, structural 
design, computer networks, bio computation, machine 
learning, and even computational economics [12]. Many 
previous studies have only focused on individual applica-
tions of PSO [13, 14] or LSTM [15], while a comprehensive 
and systematic investigation of PSO-LSTM combinations 
in different domains is still limited.

1.2  Contributions

One of the fundamental challenges in using LSTM net-
works is selecting the optimal hyperparameters. Manual or 
empirical tuning, which relies on repeated trial and error by 
experts, is a common approach. However, this method not 
only significantly increases the complexity and execution 

time of modeling but also often prevents achieving the high-
est prediction accuracy. Inappropriate selection of hyper-
parameters leads to overfitting, which means the model 
performs well on the training data but struggles to general-
ize to new data sets. These weaknesses make the need for 
more efficient approaches to optimizing hyperparameters 
more apparent than ever. The particle swarm optimization 
(PSO) [16] as a powerful and metaheuristic optimization 
solution, it has become an effective tool for solving com-
plex optimization problems. This algorithm attempts to 
locate the global optimum by systematically exploring the 
search space through a swarm of particles, with each par-
ticle encoding a candidate solution. Each particle updates 
its position and velocity based on its own best position and 
the best position found by the entire population. The perfor-
mance of each particle is evaluated by the root mean square 
error (RMSE). The PSO can adjust various hyperparame-
ters adaptively by analyzing the RMSE value in the LSTM 
model. The main contributions of this paper are as follows:

	● This paper is the first systematic and comprehensive re-
view of PSO-LSTM models from 2019 to June 2025. 
A comprehensive review of PSO-LSTM was not found 
in the search process. In this study, the progress made 
in various domains, hybrid architectures, and improve-
ments applied to PSO in combination with LSTM are 
analyzed in detail.

	● An extensive analysis was performed on 238 papers to 
provide statistically meaningful insights into publication 
trends and application areas. The papers are collected 
from authoritative sources (Springer, Elsevier, MDPI, 
Wiley, IEEE, World Scientific, Emerald, and Taylor & 
Francis).

	● PSO-LSTM models are thoroughly reviewed in 30 ap-
plication areas based on their advantages and disadvan-
tages. Studies show that PSO-LSTM models have been 
increasingly utilized in various fields, including time 
series forecasting, water resources management, wind 
speed forecasting, and engineering systems design.

	● The combination of PSO-LSTM models shows that the 
use of PSO has led to the optimization of LSTM parame-
ters and increased prediction accuracy and performance.

The general structure of this paper is as follows: Section 2 
provides a detailed description of the search methods used 
to locate documents in key sources. Section 3 describes 
basic concepts, including the PSO and LSTM algorithms. In 
sect. 4, the application of PSO-LSTM models in 30 different 
areas is thoroughly reviewed. Section 5 reviews the applica-
tion areas and analysis of the PSO-LSTM model. Finally, 
in sect. 6, conclusions, challenges, limitations and future 
directions are presented.
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2  Search Methodology

Figure 1 shows the steps of extracting and collecting PSO-
LSTM papers. In the first step, PSO-LSTM papers are 
collected from two distinct source categories. The first 

category includes databases from reputable scientific pub-
lishers such as Springer, Elsevier, Wiley, MDPI, IEEE, Tay-
lor & Francis, World Scientific, and Emerald. The second 
category includes scientific search engines and indexing 
databases such as PubMed, Scopus, Google Scholar, ACM, 

Fig. 1  The steps of extracting and collecting PSO-LSTM papers
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of documents comes from MDPI, which leads the way in 
publishing PSO-LSTM papers, at 32%. This indicates that 
MDPI has provided a suitable platform for publishing new 
research in the fields of artificial intelligence and optimiza-
tion through its journals, such as Applied Sciences, Sensors, 
and Mathematics. Springer is in second place, publishing 
20% of the papers in this field. Springer typically publishes 
high-quality journals in the fields of basic science, engi-
neering, and computer science, making it a suitable choice 
for documents with a theoretical, applied, or algorithmic 
approach. Elsevier is in third place with 18%. Given the 
wide range of Elsevier journals in artificial intelligence, 
machine learning, software engineering, and intelligent 
systems, this publisher is well-suited for papers present-
ing advanced statistical analyses or applied case studies. 
IEEE, which is specifically active in the fields of electrical, 
computer, and telecommunications engineering, has a 15% 
share. This reflects the high interest of technical research-
ers in publishing in prestigious IEEE conferences and jour-
nals such as IEEE Access, IEEE Transactions on Neural 
Networks, and IEEE Transactions on Systems, Man, and 
Cybernetics. Publisher Wiley is in fifth place with 9%. This 
publisher also works in interdisciplinary and applied fields, 
and its journals usually focus on detailed methodological 
and industrial applications. Taylor & Francis has a relatively 
small share (3%) of the total papers. This publisher is better 
known for its focus on theoretical studies, complex systems, 

ResearchGate, Semantic Scholar, and Web of Science 
(WoS). The papers were searched using keywords such as 
“PSO AND LSTM”, “Deep learning AND PSO”, “particle 
swarm optimization and LSTM”, and “long short-term 
memory and PSO”. After the initial search, 356 papers were 
identified and downloaded. Then, in the duplicate removal 
stage, 29 duplicate papers were removed, reducing the num-
ber of papers to 327. In the next step, the initial evaluation 
and screening of the papers is performed, which includes 
reviewing the title and abstract, reading the full text of the 
paper, and evaluating its scientific quality. After this stage, 
an additional 34 papers are discarded, resulting in a total of 
293 papers. Then, to filter out irrelevant papers, an addi-
tional 18 papers are deleted, reducing the remaining num-
ber to 257 papers. Filtering of articles is done based on the 
following two factors: 1) Lack of hyperparameter settings 
(e.g., number of layers, batch size, learning rate). 2) Lack of 
real and normalized data. In the next stage, a more detailed 
review is conducted based on the full content and conclu-
sions of the papers, resulting in the deletion of an additional 
17 papers, which brings the final number of papers to 258. 
Then, papers with real datasets are selected. The number of 
these articles is 238 papers. Finally, the 238 selected papers 
are included in the final report, and the analysis process is 
now complete.

Figure 2 shows the distribution of PSO-LSTM papers 
across different publishers. The most significant percentage 

Fig. 2  The percentage of PSO-
LSTM papers based on different 
publishers
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publication of related studies during this period. The central 
turning point occurred in 2023, when the number of papers 
reached 55, representing a significant increase compared to 
previous years. This growth can be attributed to the greater 
maturity of DL concepts, increased access to advanced com-
puting infrastructure, and the proliferation of programming 
frameworks such as TensorFlow and PyTorch. This upward 
trend peaked in 2024, with 75 papers published—the high-
est number to date. This remarkable growth highlights that 
the PSO-LSTM field has become a major focus of interdis-
ciplinary research. Finally, in the first half of 2025 (until 
June), 53 papers were published, which is an important 
number considering that only half of the year has passed. 
This indicates that the growing trend of attention to this field 
continues, and the number of papers is expected to exceed 
previous years by the end of this year.

Table 1 illustrates the application of PSO-LSTM in vari-
ous fields, as per Scopus. The three fields with the most use 
of the PSO-LSTM model are as follows: Engineering is the 
most widely used, with 820 cases (25.32%). This indicates 
the widespread adoption of this model in the design, control 
and prediction of engineering processes. Computer science 
is in second place with 739 cases (22.82%). This field is 
active due to its ability to process complex data and long-
term time series in artificial intelligence, machine learning 
and machine vision problems. Mathematics also has a sig-
nificant contribution with 380 cases (11.74%). This is due 
to the importance of mixed models in numerical analysis, 
random data modelling and optimization theories. Fields 
such as medical sciences, psychology, veterinary medicine, 

and interdisciplinary applications. World Scientific pub-
lished only 2% of the documents.

Figure 3 shows a chart of the number of PSO-LSTM 
papers based on publishers and year of publication. The 
trend of PSO-LSTM paper publication in 2023 and 2024 
has seen significant growth. In 2023, 32 papers were pub-
lished by MDPI, and this trend has reached 25 documents 
in 2024. Springer and Elsevier have published a large num-
ber of documents in 2024 and 2025. The rising demand for 
highly accurate and adaptive approaches in domains such 
as forecasting, intelligent control, signal processing, and 
decision support systems has driven researchers to develop 
and apply hybrid models, among which PSO-LSTM is a 
prominent example. Therefore, the increase in the number 
of papers in 2023 and 2024 is not only an indication of the 
technical growth of this field but also a reflection of the sci-
entific community’s appreciation of the application poten-
tial of this model.

Figure 4 shows a chart of the number of PSO-LSTM 
papers based on the year of publication. In 2019, only nine 
papers were published in this area, marking the initial stage 
of research on combining PSO with LSTM networks. In 
2020, this number increased slightly to 11 papers, indicat-
ing limited but gradual growth in interest in this hybrid 
approach. In 2021, the number of publications increased 
to 17, reflecting growing attention from the scientific com-
munity to the use of PSO for enhancing the performance 
of deep learning models. In 2022, the number of papers 
reached 18, representing a modest increase compared to 
the previous year and indicating relative stability in the 

Fig. 3  Graph of the number of PSO-LSTM papers based on publishers and year of publication
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nursing, and the humanities have fewer than 1% of applica-
tions. This decrease is likely due to limitations in data types, 
different conceptual structures and challenges in imple-
menting DL models in these fields.

Table 2 presents the application of PSO-LSTM in vari-
ous fields, as per the Web of Science (WoS). The three fields 
with the most use of the PSO-LSTM model are as follows: 
Electrical and electronic engineering is at the top, with 181 
papers (14.27%). This is justified by the widespread need 
for signal prediction, time series analysis, and optimization 
in circuit and system design. Information systems in com-
puter science (8.83%) and artificial intelligence (8.28%) 
also have high contributions, reflecting the application of 
the PSO-LSTM model in complex data processing, pattern 
recognition, and machine learning. The energy and fuels 
field is also of particular importance, with 8.28%, likely 
due to the use of PSO-LSTM in energy consumption fore-
casting, renewable energy system optimization, and energy 
market modelling. Multidisciplinary engineering, civil 
engineering, and multidisciplinary sciences each contribute 
approximately 3.5%, indicating the growing acceptance of 
the PSO-LSTM model in interdisciplinary projects. WoS 
data show that PSO-LSTM has been most widely used in 
areas requiring time series data analysis, system control, 
and process optimization.

The difference in the number of published papers 
between Scopus and WoS is rooted in the structure and 
indexing policies of these two databases. Scopus, as one of 
the most comprehensive scientific databases, covers a wide 
range of scientific journals and conferences across various 
disciplines, particularly engineering, computer science, 
energy, and applied sciences. However, WoS focuses on 

Table 1  The application of PSO-LSTM in various fields according to 
Scopus
subject area Count % Proportion
Engineering 820 25.32٪ 0.2532
Computer Science 739 22.82٪ 0.2282
Mathematics 380 11.74٪ 0.1174
Energy 268 8.28٪ 0.0828
Physics and Astronomy 181 5.59٪ 0.0559
Materials Science 152 4.69٪ 0.0469
Environmental Science 146 4.51٪ 0.0451
Decision Sciences 105 3.24٪ 0.0324
Earth and Planetary Sciences 76 2.35٪ 0.0235
Social Sciences 66 2.04٪ 0.0204
Chemical Engineering 59 1.82٪ 0.0182
Multidisciplinary 44 1.36٪ 0.0136
Medicine 40 1.24٪ 0.0124
Chemistry 35 1.08٪ 0.0108
Biochemistry, Genetics and Molecu-
lar Biology

30 0.93٪ 0.0093

Agricultural and Biological Sciences 29 0.90٪ 0.0090
Business, Management and 
Accounting

28 0.87٪ 0.0087

Economics, Econometrics and 
Finance

18 0.56٪ 0.0056

Neuroscience 12 0.37٪ 0.0037
Immunology and Microbiology 3 0.09٪ 0.0009
Health Professions 2 0.06٪ 0.0006
Psychology 2 0.06٪ 0.0006
Veterinary 2 0.06٪ 0.0006
Arts and Humanities 1 0.03٪ 0.0003
Nursing 1 0.03٪ 0.0003

Fig. 4  Chart of the number of 
PSO-LSTM papers based on the 
year of publication
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should be noted that although the number of papers indexed 
in Scopus is higher, this does not necessarily imply superior 
quality; rather, it reflects the broader and more comprehen-
sive coverage of the database. In contrast, WoS focuses on 
sources with a higher quality index. Therefore, in review 
or analytical studies, using both databases simultaneously 
can provide a more comprehensive and accurate view of the 
scientific and research process.

Figure 5 plots the number of PSO-LSTM papers pub-
lished in different countries, as per Scopus. China is the 
clear leader in research in this particular area, with 880 
papers, significantly ahead of other countries. India is in 
second place with 242 papers, indicating a significant con-
tribution, but much less compared to China. Other countries 
show much lower numbers of publications. For example, 
Saudi Arabia and the United States both contribute in the 
range of 51–52 papers. Malaysia, Iran, South Korea, Tai-
wan, Australia, Turkey, Egypt and the United Kingdom each 
have between 24 and 40 papers. Countries such as Iraq, Pak-
istan, Vietnam, Canada, Indonesia, Jordan, Tunisia, Bangla-
desh, Japan, the United Arab Emirates, France, Germany, 
and Ethiopia have fewer than 20 papers, with some having 
as few as 7 or 8 papers. This distribution highlights China’s 
position in PSO-LSTM research. India also shows signifi-
cant activity, while most other countries have a relatively 
low presence.

Figure 6 plots the number of PSO-LSTM papers in vari-
ous countries, as reported by WoS. Similar to Scopus data, 
China is the absolute leader in this research field, with 509 
papers, although its number of papers in Web of Science 
is lower than that in Scopus. India is in second place with 
103 papers, significantly behind China. Saudi Arabia is 
next, with 41 papers, followed by the United States with 38 
papers. South Korea (30 papers), Iran (29 papers), Taiwan 
(27 papers), Australia (22 papers) and Egypt (21 papers) 
also make significant contributions. Malaysia is next with 
17 papers, and the United Kingdom with 15 papers. Viet-
nam (13 papers), Canada (12 papers), Jordan (9 papers), 
United Arab Emirates (9 papers), Japan (8 papers), Pakistan 
(8 papers), France (7 papers), Spain (7 papers), Germany (6 
papers), Iraq (6 papers), Bangladesh (5 papers) and Brazil 
(5 papers) have a lower number of publications. This chart 
clearly shows China’s dominance in PSO-LSTM research. 
The high concentration of research in China and India high-
lights the primary centers of knowledge production in this 
field. Contributions from other countries are comparatively 
limited, which may reflect differences in investment, priori-
tization, or expertise in this specific area of machine learn-
ing and optimization.

high-impact journals and applies strict criteria for indexing, 
resulting in only a limited number of papers on similar top-
ics being included. One of the key factors in the statistical 
difference between these two databases is the broader cov-
erage of international conferences in Scopus. Many PSO-
LSTM-related papers are published in the proceedings of 
IEEE, Springer, and ACM conferences that are indexed in 
Scopus; however, in WoS, only specific and selected confer-
ences are indexed.

The indexing process in Scopus is generally more flex-
ible and faster, whereas WoS applies stricter criteria for sci-
entific evaluation, publication stability, and impact metrics. 
As a result, many new or regional journals indexed in Sco-
pus are not included in WoS. Scopus is particularly focused 
on technical and engineering fields such as electrical, com-
puter, energy, and applied mathematics, which are precisely 
the fields that contribute the most to PSO-LSTM-based 
research. In contrast, WoS is more inclined towards basic 
sciences, medicine, and life sciences, which may have less 
overlap with typical PSO-LSTM applications. Finally, it 

Table 2  The application of PSO-LSTM in various fields according to 
WoS
subject area Count % Proportion
Engineering Electrical Electronic 181 14.27٪ 0.1427
Computer Science Information 
Systems

112 8.83٪ 0.0883

Computer Science Artificial 
Intelligence

105 8.28٪ 0.0828

Energy Fuels 105 8.28٪ 0.0828
Telecommunications 87 6.86٪ 0.0686
Environmental Sciences 65 5.13٪ 0.0513
Instruments Instrumentation 54 4.26٪ 0.0426
Engineering Multidisciplinary 47 3.71٪ 0.0371
Engineering Civil 45 3.55٪ 0.0355
Multidisciplinary Sciences 45 3.55٪ 0.0355
Materials Science Multidisciplinary 42 3.31٪ 0.0331
Automation Control Systems 38 2.99٪ 0.0299
Computer Science Interdisciplinary 
Applications

38 2.99٪ 0.0299

Physics Applied 38 2.99٪ 0.0299
Computer Science Theory Methods 35 2.76٪ 0.0276
Green Sustainable Science 
Technology

35 2.76٪ 0.0276

Water Resources 34 2.68٪ 0.0268
Geosciences Multidisciplinary 29 2.29٪ 0.0229
Engineering Chemical 25 1.97٪ 0.0197
Engineering Mechanical 22 1.74٪ 0.0174
Thermodynamics 19 1.50٪ 0.0150
Environmental Studies 17 1.34٪ 0.0134
Mathematics Interdisciplinary 
Applications

17 1.34٪ 0.0134

Operations Research Management 
Science

17 1.34٪ 0.0134

Chemistry Multidisciplinary 16 1.26٪ 0.0126
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Fig. 6  The number of PSO-LSTM 
papers in different countries 
according to WoS

 

Fig. 5  The number of PSO-LSTM 
papers in different countries 
according to Scopus
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of motion, thereby preventing excessive convergence. By 
adjusting w (which is usually in the range [0.4, 0.9]), the 
balance between exploration and extraction is improved. 
Specifically, larger values of w help increase exploration, 
while smaller values help improve extraction.

Also, r1 and r2 are two independent random variables 
whose values are generated uniformly in the range [0, 1]. 
These variables enable the PSO to incorporate randomiza-
tion into the process of updating particle positions. These 
random components enable the algorithm to search the solu-
tion space dynamically and non-deterministically, helping 
it avoid getting stuck in local optima. In other words, r1 
and r2 play a crucial role in enhancing search diversity and 
improving the algorithm’s ability to discover new regions of 
the solution space. The parameter pbest represents the best 
previous position of the particle i and gbest represents the 
best previous position among all particles in the population. 
The main characteristics of the PSO are defined in Table 3.

Figure 7 shows the number of citations to the PSO based 
on Google Scholar data. The total citations from 1995 
(the year PSO was introduced) to June 2025 have reached 
96,248, indicating the widespread and enduring popularity 
of this algorithm in the scientific community. Over the years, 
the growth trend of citations to PSO has increased continu-
ously and significantly, especially in the last decade, when 
its applications have expanded to areas such as machine 
learning [20], engineering optimization, and data mining. 
The highest number of citations was recorded in 2022, equal 
to 6,404 citations, indicating the prominent position and 
increasing influence of PSO in interdisciplinary research. 
From 2010 to 2022, the growth of citations has been con-
tinuous and accelerated, indicating the increasing popularity 
of this algorithm as a powerful and versatile optimization 
tool. The upward trend confirms the innovative role of PSO 
in solving complex and nonlinear problems in various sci-
entific fields. High flexibility, simplicity in implementation, 
and fast convergence capability are among the factors that 
have made the PSO remain one of the most referenced and 
widely used meta-heuristic algorithms over the past three 
decades.

Table 4 compares PSO with other algorithms based on 
total citations and year.

Figure 8 presents a comparison of the trend of the PSO 
with that of the ant colony optimization (ACO) and dif-
ferential evolution (DE) algorithms over the last 5 years 
(2020–2025). The y-axis ranges from 0 to 100. A value of 
100 means that an algorithm has had the highest relative 
popularity (relative to the total searches performed in a 
week). A value of 50 means that an algorithm has had half 
the popularity in a week. A value of 0 means that there has 
been little or no interest in searches. The numbers on the 

3  Basic Concepts

In this section, the PSO, LSTM, and the reasons for combin-
ing PSO with LSTM are explained.

3.1  Particle Swarm Optimization

The PSO is a stochastic and evolutionary optimization 
method inspired by modelling the social behaviour of liv-
ing organisms, particularly the collective movement of birds 
and fish [16]. This algorithm seeks to find optimal solu-
tions to complex problems by simulating the interactions 
between members of the population [17]. In this approach, 
each member of the population is represented as a particle 
that moves in a multidimensional search space, thereby rep-
resenting a potential solution to the optimization problem. 
In this algorithm, particles act as independent yet depen-
dent and cooperative components, and their positions are 
updated using a fitness function that determines their move-
ment [18]. The fitness function serves as a criterion for eval-
uating the quality of solutions and guides the particles to 
improve them. In other words, each particle works based on 
two primary sources: the best position that the particle itself 
has ever seen (personal experience) and the best position 
discovered by other particles in the entire population (social 
experience). This two-way interaction between individual 
and collective knowledge causes the population to move 
towards the optimal regions of the search space gradually 
and eventually converge to the optimal or near-optimal 
solution. In the PSO, the position Xd

i  and the velocity vd
i  

are calculated as Eq. (1) and Eq. (2). 

Xd
i (t + 1) = Xd

i (t) + vd
i (t + 1)� (1)

vd
i (t + 1) = w (t) × vd

i (t) + c1r1 ×
(
pbestd

i − Xd
i (t)

)

+ c2r2 ×
(
gbestd

i − Xd
i (t)

) � (2)

The parameters of the PSO include several key elements 
that play a critical role in the performance and efficiency 
of the algorithm. In the mathematical formulation of par-
ticle motion, the coefficients c1 and c2 are defined as positive 
constants that represent the acceleration weights associated 
with personal experience (the individual’s best position 
vector or pbest) and social experience (the collective best 
position vector or gbest), respectively. These coefficients 
determine the extent to which particles are influenced by 
individual knowledge or collective knowledge [19]. Typi-
cally, these coefficients are set between 1 and 2 to achieve a 
balance between exploration and exploitation in the search 
space. Another factor, the inertia weight w, controls the 
influence of a particle’s previous velocity. This parameter 
causes the particles to maintain their previous direction 
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the percentage difference or dispersion of interest among the 
three algorithms: PSO, ACO, and DE.

Figure 9 illustrates the trend comparison of the PSO with 
the ACO and DE algorithms over the last 10 years (2015–
2025). The results of the graph indicate that the PSO is more 
popular than ACO and DE.

y-axis represent a percentage of total searches, not the abso-
lute number of searches.

In Table 5, a comparison is made using the trend percent-
age between PSO, ACO and DE algorithms based on the 
last 5 years. The spread column is calculated based on the 
difference between the highest and lowest percentage (the 
dispersion index of interest). The variance column displays 

Table 3  Main characteristics of the PSO
Feature Explanation Advantage Limitation Type of issues
Algorithm type Population-based 

metaheuristic
Suitable for complex and 
nonlinear problems

No need for parameter tuning Objective function optimi-
zation, machine learning

Inspired Bird flock movement An algorithm with two main 
equations

No precise mathematical 
modeling

Problems with synergy 
between variables

Search type Directed randomness Power to pass through a 
local minimum

Possibility of early convergence Non-convex or multi-
point optimal problems

Principal 
components

Particles, velocity, position, 
memory

Easy implementation and 
simple structure

Needs proper manual tuning Tuning neural network 
parameters

Objective function Requires a non-derivative 
function value

Can be used for complex 
functions

Slowdown near the exact 
solution

Noisy data

Optimization type Single-objective or 
multi-objective

High flexibility Complexity in multi-objective 
design

Feature selection, neural 
network design

Computational 
complexity

Linear concerning particles 
and iteration

Scalable for medium 
problems

Slowness in huge problems Low to medium dimen-
sional problems

Key parameters Number of particles, c1, c2, 
inertial weight

Ability to control algorithm 
behavior

Difficulty in optimal tuning Dynamic and responsive 
algorithms

Parallelization 
capability

GPU-based Increase training speed Requires parallel infrastructure DL, big data

Convergence Fast but ultimately slow High initial speed Risk of getting stuck in local 
minima

Time-consuming problems 
with high evaluation cost

Fig. 7  Number of citations to PSO according to Google Scholar (source: https://scholar.google.com)
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in the field of time series and sequence data processing. Due 
to the special structure of memory cells, these networks can 
effectively identify and maintain long-term dependencies in 
data. The LSTM network was invented by Hochreiter & 
Schmidhuber in 1997. Each LSTM cell comprises various 
components, including input, output, and forget gates, which 
manage the flow of information in a controlled manner. In 
the LSTM network, important past information is retained 
for a more extended period, and unnecessary data is pre-
vented from entering. This capability has made LSTM an 
ideal choice for problems related to time series forecasting, 
complex pattern recognition, and long sequence analysis. 
Numerous studies have demonstrated that LSTM networks 
outperform other traditional models and specific recurrent 
neural networks in identifying and modelling long-term 
relationships. The exact structure and details of the LSTM 
network are shown in Fig. 10.

The LSTM network has a complex and purposeful struc-
ture that includes two transition states and three main gates. 
These components play a key role in managing and process-
ing information over time. In this architecture, the variable 
c represents the cell state, which acts as the network’s long-
term memory. The variable h represents the hidden state. 
The three important gates of the LSTM network include 
the Forget Gate, the Input Gate, and the Output Gate. The 
forget gate determines which parts of the previous informa-
tion should be discarded; the input gate is responsible for 
entering new information into the cell state; and the output 
gate determines what information is transferred from the 
cell state to the hidden state and finally to the output. Using 
these control mechanisms, the LSTM network can maintain 
long-term dependencies in sequential data and overcome the 
limitations of traditional recurrent neural networks (RNNs) 
such as the vanishing gradient problem. This capability has 
made LSTM perform much better in applications such as 
natural language processing, speech recognition, and time 
series prediction. The internal calculations of this network 
are defined by specific mathematical relationships, which 
are expressed in Eq. (3). 




ct = ft ⊙ ct−1 + it ⊙ tanh (wc [ht−1, xt] + bc)
ht = ot ⊙ tanh (ct)

ft = σ (wf [ht−1, xt] + bf )
it = σ (wi [ht−1, xt] + bi)
ot = σ (wo [ht−1, xt] + bo)

� (3)

In this structure, x represents the input sequence; the sym-
bol ⊙ represents the element-by-element (Hadamard) mul-
tiplication between the vectors. The activation function in 
the output layer is denoted by tanh, which is used to limit 
the output value to the interval [−1,1]. Additionally, sigma 
represents the sigmoid function, whose output lies in the 
interval [0, 1] and serves as a gate to control the flow of 

Google Trends charts, such as Figs. 8 and 9, do not 
provide a reliable measure of the scientific importance or 
credibility of a paper. These graphs show non-academic 
audiences and industry executives how much attention a 
topic has received in the public space and among users.

3.2  Long Short-Term Memory

Recurrent neural networks with long-term memory are con-
sidered one of the most advanced types of neural networks 

Table 4  Comparison of PSO with other algorithms based on total cita-
tions and year
Years Citation total Other algorithms (abbreviation and cita-

tion total)
2014–
2025

PSO = 68726 grey wolf optimizer (GWO, 19,491) 
[21], symbiotic organisms search (SOS, 
1748) [22], interior search algorithm 
(ISA, 494) [23], forest optimization 
algorithm (FOA, 263) [24]

2015–
2025

PSO = 59259 moth-flame optimization (MFO, 4734) 
[25], ant lion optimizer (ALO, 3678) 
[26], lightning search algorithm (LSA, 
446) [27], invasive tumor growth optimi-
zation (ITGO, 81) [28].

2016–
2025

PSO = 53870 whale optimization algorithm (WOA, 
13,770) [29], sine cosine algorithm 
(SCA, 5472) [30], dragonfly algorithm 
(DA, 3022) [31], multi-verse optimizer 
(MVO, 2964) [32], crow search algo-
rithm (CSA, 2430) [33], water evapo-
ration optimization (WEO, 380) [34], 
galactic swarm optimization (GSO, 204) 
[35], electromagnetic field optimization 
(EFO, 25) [36].

2017–
2025

PSO = 48470 Salp swarm algorithm (SSA, 5061) [37], 
grasshopper optimization algorithm 
(GOA, 2931) [38], thermal exchange 
optimization algorithm (TEOA,623) 
[39], satin bower bird optimization 
(SBO, 318) [40], electro-search algo-
rithm (ES, 102) [41].

2018–
2025

PSO = 43478 emperor penguin optimizer (EPO, 741)

2019–
2025

PSO = 38196 Harris hawks optimizer (HHO, 5607) 
[42], henry gas solubility optimization 
(HGSO, 990) [43], sailfish optimizer 
(SFO, 608) [44], biology migration 
algorithm (BMA, 48) [45].

2020–
2025

PSO = 32814 slime mould algorithm (SMA, 2730) 
[46], marine predators algorithm (MPA, 
2238) [47], Tunicate Swarm Algorithm 
(TSA, 1231) [48], manta ray foraging 
optimization (MRFO, 1004) [49], Politi-
cal Optimizer (PO, 560) [50], artificial 
ecosystem-based optimization (AEO, 
453) [51], red deer algorithm (RDA, 446) 
[52], barnacles mating optimizer (BMO, 
408) [53], billiards-inspired optimization 
algorithm (BOA, 132) [54], bear smell 
search algorithm (BSSA, 65) [55].
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3.3  Reasons for Combining PSO with LSTM

Compared with algorithms such as Genetic Algorithm (GA) 
and GWO, the PSO has advantages such as simplicity of 
implementation, faster convergence speed, and greater 
flexibility in multi-objective problems. These same fea-
tures have led to it being combined with LSTM more than 
other algorithms in recent years and finding wider inter-
disciplinary applications. Second, the literature related to 
PSO-LSTM has reached a critical point between 2023 and 
2025. Studies in areas such as energy and water resources 
have reported remarkable success. However, in areas such 
as financial data or noisy data, some studies have presented 
contradictory and weaker results. This heterogeneity in the 
results indicates an urgent need for a critical and analytical 
review that can reveal gaps and common patterns. Third, the 
increasing diversity of this model in areas such as engineer-
ing, energy, medicine, cybersecurity, and IoT-based systems 
has reached a stage of conceptual maturity. Therefore, a 
systematic and critical review is needed to clarify in which 
circumstances this model works successfully and in which 
areas it faces limitations.

Combining PSO with LSTM is a powerful approach for 
solving optimization problems, time series forecasting, and 
modelling complex systems. LSTM networks, like other 
neural networks, have numerous parameters and weights, 
and their performance depends heavily on the optimal 

information. The weight vector is denoted by w and the bias 
vector is denoted by b, which are trainable parameters of the 
network and help fine-tune the model’s performance. These 
concepts are used in defining and calculating the various 
gates and updating the internal states of the LSTM.

Table 6 shows the number of citations to the original 
paper of the LSTM, titled Long Short-Term Memory, based 
on various sources. In 2015, the Semantic Scholar database 
received 585 citations and in Google Scholar, 736 cita-
tions. This trend has increased rapidly in subsequent years; 
in 2016, the number of citations reached 1922 in Semantic 
Scholar and 2250 in Google Scholar. In 2018, the number 
of citations reached 7181 in Semantic Scholar and 8643 in 
Google Scholar. In 2019, these numbers increased to 9,684 
and 12,041, respectively. This upward trend has continued 
in 2020, with the number of citations reaching 11,350 in 
Semantic Scholar and 14,714 in Google Scholar. In 2022, 
the number of citations reached 11,494 in Semantic Scholar 
and 18,401 in Google Scholar. In 2023, they reached 11,909 
and 18,980, respectively. The year 2024 recorded the 
highest number of citations, reaching 12,896 in Semantic 
Scholar and 19,959 in Google Scholar. The number of cita-
tions in 2025 is not yet complete, but the reported numbers 
are 5,564 and 7,902, respectively, indicating that 2025 is 
also approaching previous records.

Fig. 8  Comparison of the trend of the PSO with the ACO and DE algorithms based on the past 5 years (2020-June 2025) (source: ​h​t​t​p​​s​:​/​​/​t​r​e​​n​d​​s​.​g​​
o​o​g​l​​e​.​c​​o​m​/​​t​r​e​n​d​s)
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Countries Interest percentage in algorithms Spread (%) Dominant Variance (%)
PSO ACO DE

Lebanon 100% 0% 0% 100 PSO 3333.33
Syria 100% 0% 0% 100 PSO 3333.33
Ethiopia 83% 17% 0% 83 PSO 1922.33
Jordan 74% 0% 26% 74 PSO 1409.33
Kenya 73% 0% 27% 73 PSO 1362.33
Peru 65% 36% 0% 65 PSO 1060.33
Ghana 64% 29% 7% 57 PSO 826.33
Indonesia 63% 13% 24% 50 PSO 690.33
South Africa 62% 25% 13% 49 PSO 652.33
Turkiye 62% 21% 17% 45 PSO 620.33
Saudi Arabia 61% 21% 17% 44 PSO 592
Ecuador 60% 40% 0% 60 PSO 933.33
Tunisia 59% 25% 16% 43 PSO 514.33
South Korea 57% 17% 26% 40 PSO 440.33
Jordan 57% 25% 18% 39 PSO 432.33
Nigeria 57% 25% 18% 39 PSO 432.33
Pakistan 56% 28% 16% 40 PSO 421.33
Iran 56% 25% 19% 37 PSO 394.33
Egypt 56% 27% 17% 39 PSO 410.33
Bangladesh 56% 36% 8% 48 PSO 581.33
Algeria 55% 23% 22% 33 PSO 352.33
Malaysia 55% 29% 16% 39 PSO 394.33
Thailand 55% 21% 24% 34 PSO 354.33
China 53% 17% 30% 36 PSO 332.33
Taiwan 53% 19% 28% 34 PSO 310.33
Hong Kong 52% 18% 30% 34 PSO 297.33
Morocco 52% 32% 16% 36 PSO 325.33
Greece 52% 26% 22% 30 PSO 265.33
Colombia 51% 29% 20% 31 PSO 254.33
Argentina 50% 0% 50% 50 DE 833.33
India 49% 33% 17% 32 PSO 256
Singapore 49% 18% 33% 31 PSO 240.33
Sri Lanka 49% 51% 0% 51 ACO 834.33
Belgium 49% 19% 32% 30 PSO 226.33
Norway 48% 21% 31% 27 PSO 186.33
Finland 48% 18% 34% 30 PSO 225.33
Brazil 48% 21% 31% 27 PSO 186.33
Portugal 47% 28% 25% 22 PSO 142.33
Nepal 47% 53% 0% 53 ACO 842.33
United Arab Emirates 47% 30% 23% 24 PSO 152.33
Italy 47% 17% 36% 30 PSO 230.33
Hungary 47% 29% 24% 23 PSO 146.33
Vietnam 46% 28% 26% 20 PSO 121.33
New Zealand 46% 18% 36% 28 PSO 201.33
Japan 45% 17% 38% 28 PSO 212.33
Sweden 44% 28% 28% 16 PSO 85.33
Germany 44% 21% 35% 23 PSO 134.33
Denmark 43% 22% 35% 21 PSO 112.33
United Kingdom 43% 23% 34% 20 PSO 100.33
Serbia 43% 29% 28% 15 PSO 70.33
Chile 43% 23% 34% 20 PSO 100.33
Spain 43% 23% 34% 20 PSO 100.33
Ukraine 43% 37% 20% 23 PSO 142.33
Netherlands 42% 28% 30% 14 PSO 57.33

Table 5  A comparison using trend percentage between PSO, ACO, and DE algorithms based on the last 5 years
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values of these parameters. Typically, LSTM uses gradient-
based optimization algorithms, such as Adam, RMSprop, or 
SGD, for the training process, which can become trapped 

Table 6  Number of citations to the original paper of the LSTM based 
on different sources
Years Google Scholar Semantic Scholar Average
2015 736 585 660
2016 2250 1922 2086
2017 4737 4111 4424
2018 8643 7181 7912
2019 12041 9684 10862
2020 14714 11350 13032
2021 17592 11650 14621
2022 18401 11494 14947
2023 18980 11909 15444
2024 19659 12896 16277
2025 7902 5564 6733

Fig. 10  Detailed structure and details of the LSTM network

 

Fig. 9  Comparison of the trend 
of the PSO with the ACO and 
DE algorithms based on the 
past 10 years (2015-June 2025) 
(source: ​h​t​t​p​s​:​​​/​​/​t​r​e​n​d​​​s​.​g​​o​o​g​​l​​e​.​​c​​o​​
m​/​t​r​e​n​d​s)

 

Countries Interest percentage in algorithms Spread (%) Dominant Variance (%)
PSO ACO DE

Switzerland 42% 22% 36% 20 PSO 105.33
Austria 41% 26% 33% 15 PSO 56.33
France 41% 22% 37% 19 PSO 100.33
Poland 40% 33% 27% 13 PSO 42.33
Russia 40% 23% 37% 17 PSO 82.33
Philippines 39% 18% 43% 25 DE 180.33
Canada 39% 19% 42% 23 DE 156.33
Australia 39% 18% 43% 25 DE 180.33
Mexico 39% 29% 32% 10 PSO 26.33
Romania 38% 45% 17% 28 ACO 212.33
Czechia 37% 23% 40% 17 DE 82.33
Ireland 36% 36% 28% 8 ACO 21.33
United States 31% 12% 57% 45 DE 510.33
Croatia 28% 25% 47% 22 DE 142.33

Table 5  (continued) 
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Increased prediction accuracy: By utilizing PSO, 
the LSTM model is more effectively trained, leading to 
improved prediction accuracy, particularly in time series 
problems such as stock prices, weather, or energy consump-
tion. Finding the optimal parameter set using PSO results in 
a reduction in prediction error.

Avoiding getting stuck in a local minimum: Conventional 
LSTM training methods may converge at points that are not 
the optimal solution. The PSO increases the probability of 
reaching the optimal solution (global minimum) due to its 
random and group search capabilities.

High applicability in real-world problems: The combina-
tion of PSO and LSTM is highly efficient and yields accu-
rate results in various real-world applications, including 
electricity demand forecasting, sentiment analysis, disease 
diagnosis, and intelligent system control.

Table 7 illustrates the benefits of integrating PSO with 
LSTM.

Frameworks such as PyTorch and TensorFlow fully 
support parallel and distributed computing architectures, 
enabling efficient processing of large datasets. This feature 
is crucial for hybrid models that require the simultaneous 
execution of learning operations (such as LSTM training) 
and hyperparameter search (using PSO). Additionally, the 
use of visualization tools such as TensorBoard or Matplotlib 
enables you to visually monitor and analyze the convergence 
of the optimization algorithm, changes in the objective 
function, training error, and validation metrics during the 
learning process. The parameters of an LSTM network play 
a crucial role in determining its prediction accuracy and 
overall efficiency. In traditional approaches, these param-
eters are often set based on human experience and judg-
ment. This results in a significant discrepancy between 
the actual accuracy of the model and its ideal accuracy. 
The PSO reduces the dependence on human interventions 
in parameter adjustment and paves the way for achieving 
optimal performance. The PSO employs an iterative pro-
cess to identify a set of optimal parameters that optimize the 
LSTM network’s parameters. Then, based on these values, 
the LSTM is trained to learn the temporal information in the 
data effectively. The flowchart of the PSO-LSTM is drawn 
in Fig. 11.

4  Applications

In this section, the applications of PSO-LSTM in 30 dif-
ferent domains are reviewed. The coverage of 30 domains 
demonstrates that the PSO-LSTM applies to a wide range of 
problems. The PSO-LSTM is a powerful solution to chal-
lenging problems. The PSO-LSTM has become a versatile 
and valuable tool in various fields due to the combination 

in local optima. The four main reasons for combining PSO 
with LSTM are as follows:

Automatic parameter optimization: The PSO algorithm 
automatically and intelligently adjusts the key parameters 
of the LSTM, including the learning rate, number of neu-
rons, and number of layers. This saves time and increases 
the accuracy of the model.

Table 7  Benefits of combining PSO with LSTM
Feature Explanation Importance Limitation
Automatic 
parameter 
optimization

Finding opti-
mal values for 
learning rate and 
network structure 
using PSO

Reduce the 
need for trial 
and error

Automatic 
model tuning 
in stock price 
prediction

Increase predic-
tion accuracy

Significant 
increase in LSTM 
accuracy after 
optimization with 
PSO

Improve 
model 
performance

Daily 
electricity 
consumption 
prediction

Avoid getting 
stuck in local 
minima

Passing local min-
ima and achieving 
better solutions 
with PSO

Achieve 
more accu-
rate results

User 
behavior 
modeling in 
recommender 
systems

No need for 
gradients

Ability to use 
PSO in non-
differentiable 
functions

Suitable for 
complex 
functions

LSTM 
optimization 
in environ-
ments with 
discrete data

Better perfor-
mance on noisy 
data

Increasing model 
resistance to noise 
through PSO 
group search

Increase 
stability on 
real data

Analysis of 
biological 
signals such 
as ECG

Model structure 
tuning

Optimizing the 
LSTM architec-
ture structure 
using PSO

Save model 
design time

Automatic 
selection of 
the number 
of layers in 
sentiment 
analysis

Multi-objective 
optimization

PSO allows for 
multi-objective 
optimization, con-
sidering factors 
such as accuracy 
and execution 
time.

Balance 
between 
efficiency 
and speed

Application 
in real-time 
systems 
such as the 
Internet of 
Things

Model training 
stability

Reducing oscilla-
tions in the model 
training process 
using PSO

Prevent 
overfitting

Long-term 
weather 
forecasting

No dependence 
on accurate 
initialization

Reducing depen-
dence on accurate 
initialization in 
optimization with 
PSO

Simplify the 
initial tuning 
process

Use in indus-
trial environ-
ments with 
incomplete 
data

Easy 
parallelization

Ability to run the 
PSO in parallel on 
multiple CPUs or 
GPUs

Increase 
training 
speed

Model train-
ing in big 
medical data
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PSO. Table 9 describes the application of the PSO-LSTM in 
the field of air pollution prediction.

Table 11 compares LSTM and PSO-LSTM on air pollu-
tion data [57]. PM10 refers to particulate matter with a diam-
eter of less than 10 μm. These particles are small enough to 
enter the upper respiratory tract (nose and throat) and cause 
problems such as coughing or irritation of the respiratory 
tract. PM2.5 refers to much smaller particles with a diam-
eter of less than 2.5 μm. These particles penetrate deep into 
the lungs and even the bloodstream and cause more seri-
ous health effects, such as heart and lung diseases and even 
neurological problems. O3 leads to eye and throat irritation, 
shortness of breath, exacerbation of lung diseases and dam-
age to plants. The results of comparing the PSO-LSTM, 
LSTM and Random Forest (RF) models show that the com-
bined PSO-LSTM model performs better than other methods 
in predicting various pollutants. For PM2.5, the MAE error 
value for PSO-LSTM is 0.0014, which is lower than LSTM 
(0.00223) and RF (0.00228). For PM10, the MAE value for 
PSO-LSTM is 0.0037, while LSTM and RF recorded errors 
of 0.00487 and 0.00475, respectively. The results for O₃ also 
confirm the superiority of PSO-LSTM.

4.2  Battery SOH Prediction

In modern electric transportation and energy storage sys-
tems, accurate prediction of lithium battery State of Health 
(SOH) [62] plays a vital role in ensuring the performance, 

of LSTMs powerful capabilities with the PSO. Table 8 
illustrates the application of the PSO-LSTM across various 
areas by year.

4.1  Air Pollution Prediction

Due to the rapid growth of urbanization and the increase 
in industrial activities, transportation, and energy consump-
tion, air pollution has become one of the most important 
environmental challenges in large cities [56]. Air pollution 
not only negatively impacts the overall health of the com-
munity but also poses significant risks to natural ecosystems 
and environmental sustainability. Therefore, accurate pre-
diction of air quality index (AQI) and concentrations of spe-
cific pollutants, such as particulate matter with a diameter 
of less than 2.5 microns (PM2.5), plays a vital role in urban 
planning, environmental management, and prevention of 
respiratory and heart diseases [58]. In recent years, machine 
learning approaches [294], such as intense learning models, 
have emerged as powerful tools for predicting air quality. 
These models can recognize complex, nonlinear, and ran-
dom patterns in temporal air pollution data. However, there 
are challenges, such as determining the optimal input set, 
fine-tuning hyperparameters, and effectively integrating 
multi-source data. In this regard, hybrid models have been 
considered as a new solution. These models employ a com-
bination of various techniques, including LSTM and BiL-
STM networks, as well as metaheuristic optimizers such as 

Fig. 11  PSO-LSTM model 
flowchart
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In the SOH problem, the battery charge and discharge 
cycle data have nonlinear, unstable and noisy behaviors. 
These characteristics cause gradient algorithms such as 
Adam or SGD to often get stuck in local minima and the 
optimization of LSTM parameters is incomplete. In such 
situations, PSO provides the ability to bypass local minima 
and achieve more stable responses. For example, studies on 
lithium-ion battery data have shown that PSO significantly 
reduced the RMSE error by automatically adjusting the 
learning rate and the number of hidden layer neurons.

4.3  Classification

Classification includes issues such as image pattern recogni-
tion [67], classification of biological signal types, classifica-
tion of ship types based on AIS data, as well as classification 

safety, and lifespan of battery-based systems. Given the 
nonlinear behavior of batteries and the time dependence of 
various factors such as temperature, capacity, and internal 
resistance, developing accurate and robust models for esti-
mating SOH is considered one of the important challenges 
in the field of battery management. In this regard, artificial 
intelligence-based approaches and intense neural networks 
have been proposed as powerful tools for identifying com-
plex failure patterns and predicting battery degradation. 
Hybrid models based on PSO and LSTM have been pro-
posed to estimate the SOH of lithium batteries [57] accu-
rately. In these models, multidimensional health indicators 
are first extracted from voltage, current, and temperature 
curves during charge and discharge cycles. Then, using the 
Pearson correlation coefficient, the most effective features 
are selected to train the model.

Table 8  The application of the PSO-LSTM in different areas based on the year
Applications Refs 2019 2020 2021 2022 2023 2024 2025
Air pollution prediction [56–61] - - - - 1 3 2
Battery SOH prediction [62–66] - - - - 1 1 3
Classification [67–72] - - - - 3 2 1
Cloud computing [73, 74] - - 1 - - - 1
Cybersecurity [75, 76] - - - 1 1 4 -
Deformation prediction [77–82] - - - 1 1 4 -
Electric vehicles [83–85] - - - - 1 - 2
Energy management and analysis [86–92] - - 1 - 1 3 2
Engineering system design [93–99] - - - - - - 7

[100–113] - - - - - 14 -
[114–128] - - - - 15 - -
[129–132] - 1 2 1 - - -

Hydrological time series [133–135] - - - - 1 1 1
Image processing [136, 137] 1 1 - - - - -
Industrial robot [138–142] - 1 - - - 3 1
Intrusion detection [143–154] 1 - 2 - 1 3 5
Internet of Things [155, 156] - - - - - 1 1
Medical industry [157–163] - 1 - 1 2 2 1
Natural language processing (NLP) [164–166] 1 1 1 - - - -
Oil and gas industry [167–177] 1 1 2 1 1 5 2
Photovoltaic power prediction [178–181] - - - - - 2 2
Predictive maintenance [182–190] - 1 - 1 - 2 5
Renewable energy optimization [191–196] - - - - 1 3 2
Risk assessment [197–199] - - - - 1 1 1
Runoff prediction [200–202] - - 1 2 - - -
Signal processing [203–211] 1 1 - 1 1 2 3
State of Charge (SOC) estimation [212–216] - - - - 2 2 1
Stock price forecasting [217–228] 1 - 2 3 2 3 1
Time series forecasting [229–232] - - - - - - 4

[233–243] - - - - - 11 -
[244–250] - - - - 7 - -
[251–260] 1 3 2 4 - - -

Traffic flow management [261–266] - - 1 1 1 1 2
unmanned aerial vehicles (UAVs) [267, 268] - - - - - 1 1
Water resources management [269–281] 1 - 1 1 5 4 1
Wind speed forecasting [282–293] 2 1 1 1 5 1 1

1 3



M. Hosseinzadeh et al.

of the functional status of power system elements such as 
insulators and antennas. In all of these cases, accuracy, 
speed, and reliability play crucial roles in system classifica-
tion. Table 12 describes the application of the PSO-LSTM 
in the field of classification.

4.4  Cloud Computing

Cloud computing systems have been required to optimize 
resource utilization in response to the growing demand for 

Table 9  Application of the PSO-LSTM in the field of air pollution prediction
Refs Application Goals key findings Disadvantages Publisher Year
[56] The hybrid approach 

is implemented using 
real-world pollution data 
collected from Tangshan and 
Beijing

PSO has successfully opti-
mized the weights of the 
LSTM network.

RMSE values of 6.407 for 
Tangshan and 7.485 for 
Beijing are obtained.

Missing data in 
time series is often 
ignored or improperly 
addressed in many 
existing studies.

Elsevier 2025

[57] The PSO-LSTM is applied 
to predict the concentrations 
of PM2.5, PM10, and O₃ 
using hybrid DL techniques.

PSO is integrated with 
LSTM to enhance param-
eter tuning in air pollutant 
forecasting.

The PSO-LSTM model 
outperforms both Random 
Forest and standard LSTM 
models in predicting PM2.5 
levels.

PSO can sometimes 
converge prematurely.

Elsevier 2025

[58] Quantum PSO (QPSO) is 
used to optimize the hyper-
parameters of the LSTM for 
AQI prediction.

A key goal is to address the 
limitations of traditional 
models in capturing non-
linear and stochastic pat-
terns in air pollution data.

The use of QPSO has 
enhanced the convergence 
speed and parameter optimi-
zation of the LSTM network.

Missing or inconsis-
tent data in environ-
mental monitoring 
systems can degrade 
the effectiveness of 
predictive models.

Springer 2024

[59] DL techniques have been 
applied to improve the 
accuracy of AQI and PM2.5 
concentration forecasts.

PSO has been employed to 
optimize hyperparameters 
in the hybrid DL model, 
thereby enhancing its 
performance.

PSO-based optimization has 
enhanced the convergence 
speed and stability of DL 
models in AQI prediction.

Delays have hin-
dered the real-time 
implementation of 
advanced models in 
data acquisition and 
processing.

Springer 2024

[60] Modified PSO (MPSO) has 
been integrated with DL 
models to improve AQI 
forecasting accuracy.

The primary objective has 
been to predict the AQI 
for 15 major metropolitan 
cities in India.

The MPSO-LSTM-BiRNN  
model has achieved an MSE 
of 0.000184, RMSE of 
0.0135, mean absolute error 
(MAE) of 0.0088, and MAPE 
of 27.69%.

Hybrid models have 
become increasingly 
complex.

Elsevier 2024

[61] Accurate air pollution 
forecasting has been used 
to support urban planning 
and promote environmental 
sustainability.

PSO and the Sparrow 
search algorithm (SSA) 
have been integrated with 
LSTM networks to enhance 
prediction accuracy.

In Batu Muda, the proposed 
model has reduced RMSE by 
2.65% and MAE by 9.31% 
compared to existing models.

The integration of 
neighboring station 
data has increased 
model complexity and 
computational cost.

Elsevier 2023

In Table 10, a comparison of PSO-LSTM models in the field of air pollution prediction based on analytical indicators has been made. The results 
show that advanced models such as QPSO-LSTM and MPSO-LSTM have higher accuracy and stability. But they are also heavier in terms of 
complexity and parameter sensitivity. In contrast, simpler models such as PSO-LSTM have a better balance between efficiency and scalability 
and can be used in more diverse domains

Table 10  comparison of PSO-LSTM models in the field of air pollution prediction based on analytical indicators
Refs Models Domain Generalizability Parameter Sensitivity Complexity Level Real-time Applicability Robustness / Stability
[56] PSO-LSTM High Medium Medium Medium Medium
[57] PSO-LSTM High Medium-High Medium Medium Medium-High
[58] QPSO-LSTM Medium High High Medium High
[59] PSO-LSTM Medium-High Medium Medium Low-Medium Medium
[60] MPSO-LSTM Medium High High Medium High
[61] PSO-SSA-LSTM Medium Medium-High High Medium High

Table 11  Comparison of LSTM and PSO-LSTM on air pollution data
Type Evaluation criteria RF LSTM PSO-LSTM
PM2.5 MAE 0.00228 0.00223 0.0014

RMSE 0.00466 0.00419 0.0033
R2 0.8356 0.8447 0.9486

PM10 MAE 0.00475 0.00487 0.0037
RMSE 0.00847 0.00893 0.0077
R2 0.8299 0.8221 0.9419

O3 MAE 0.02394 0.02479 0.0113
RMSE 0.02953 0.0304 0.0184
R2 0.8659 0.8629 0.9698
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need for intelligent and advanced approaches to analyz-
ing security data. Hybrid models based on DL have shown 
high efficiency, especially in the field of threat identifica-
tion, attacker behavior analysis, and optimization of crypto-
graphic systems [75, 76]. One effective method in this field 
is the use of a hybrid model combining PSO with LSTM. 
This model, capable of learning complex temporal patterns 
in security data, is used to identify intrusions, analyze sus-
picious traffic, and detect anomalies in cryptographic pro-
cesses. In cryptography, the PSO-LSTM is employed to 
evaluate the authenticity of encrypted transactions, detect 
attempts to breach codes, and identify weaknesses in cryp-
tographic algorithms. For example, in examining the secu-
rity of encrypted channels or key exchange algorithms, 
LSTM can identify unusual time patterns and provide reli-
able performance through parameters optimized by PSO. 
Additionally, when analyzing malware that seeks to bypass 
cryptographic algorithms, this model can detect unauthor-
ized activities with high accuracy, based on either source 
code or behavioral data.

4.6  Deformation Prediction

In recent years, with the expansion of construction proj-
ects in areas with complex geotechnical conditions, the 

scalable services [73]. A hybrid ensemble meta-learning 
framework based on PSO has been proposed for predicting 
dynamic cloud workloads. In this framework, PSO is used 
to optimize the weights assigned to the inputs of the LSTM, 
leading to improved predictive performance. LSTM-based 
DL models have been applied for time-series forecasting 
of cloud load to improve resource allocation efficiency 
[74]. Variational Mode Decomposition (VMD) has been 
employed to preprocess complex time-series data for 
enhanced forecasting accuracy. The performance of LSTM 
models with and without attention layers has been evaluated 
for cloud load forecasting. The modified PSO algorithm has 
been used to optimize the hyperparameters of the LSTM-
based models. Experimental results have shown significant 
improvements in mean squared error (MSE), R2 coefficient, 
MAE, and index of agreement.

4.5  Cybersecurity

Protecting confidential information, controlling access, and 
preventing intrusion into systems have always been con-
sidered significant challenges in the field of cybersecurity. 
With the rise of advanced threats, including sophisticated 
malware, manipulation of cryptographic algorithms, and 
intrusions into critical infrastructures, there is a growing 

Table 12  Application of the PSO-LSTM in the field of classification
Refs Application Goals key findings Disadvantages Publisher Year
[67] Monitoring agricultural pests 

in real-time using DL-based 
classification systems.

Developing a robust 
framework capable of 
functioning in complex 
environmental conditions.

Achieving 91.2% clas-
sification accuracy using 
a hybrid PSO-CNN 
architecture.

Relying on ConvLST M  
and adaptive layers poten-
tially introducing latency 
in specific applications.

Elsevier 2025

[68] Applying 3D CNNs for 
spatiotemporal feature learn-
ing in video authenticity 
classification.

Developing a novel PSO 
algorithm incorporating 
multiple enhancement 
strategies for global search 
efficiency.

Optimizing CNN-RNN 
topologies and 3D CNN 
hyper-parameters using 
the enhanced PSO 
approach.

Facing scalability chal-
lenges when applied to 
ultra-high-resolution 
or long-duration video 
sequences.

Elsevier 2024

[69] Classifying real-time leakage 
currents to prevent pollution 
flashover in high-voltage 
transmission systems.

Capturing temporal depen-
dencies in leakage current 
data through LSTM-based 
sequence modeling.

Proving the effectiveness 
of IPSO in optimizing 
hyperparameters for 
LSTM-CNN model 
configurations.

Increasing computational 
complexity due to the 
integration of LSTM and 
CNN components.

Elsevier 2024

[70] Predicting landslide displace-
ment using LSTM neural 
networks enhanced with 
optimized hyperparameters.

Balancing exploration 
and exploitation in PSO 
using fuzzy multi-attribute 
decision-making.

Successfully integrating 
feature selection and 
hyperparameter optimi-
zation within a unified 
framework for LSTM 
modeling.

Needing extensive calibra-
tion to achieve optimal 
balance between explora-
tion and exploitation 
phases.

Springer 2023

[71] Classifying maritime vessels 
using location and movement 
data from automatic identifi-
cation systems (AIS).

Introducing a boosted 
version of PSO (BPSO) 
for more efficient search 
processes.

Reaching a mean square 
error (MSE) of 0.000098 
in vessel trajectory pre-
diction using LSTM.

Showing sensitivity to 
missing or noisy data 
points that may affect both 
classification and forecast-
ing tasks.

MDPI 2023

[72] Classifying motor imagery 
tasks using adaptive frame-
works based on evolutionary 
algorithms.

Enhancing model perfor-
mance through parameter 
tuning using GA and PSO.

Reaching 81.4% accu-
racy with CNN-LSTM

There are limitations in 
real-time implementation 
due to model complexity 
and processing latency.

Wiley 2023
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researchers and engineers can predict deformations more 
accurately without the need for complex mechanical mod-
els. Also, the use of signal decomposition methods such as 
VMD (Variable Mode Analysis) along with intelligent mod-
els has effectively helped to improve the prediction accuracy 
[77]. By decomposing the original data into static and stable 
underlying components, these methods have enabled the 
identification of hidden relationships and temporal patterns, 
thereby improving the performance of prediction models. 
Overall, these integrated models and methods, as modern 
and efficient tools in the field of geotechnical engineering 
and underground structures, have solved the challenges in 
predicting ground deformations with high accuracy and reli-
ability. Table 13 describes the application of the PSO-LSTM 
in the field of deformation prediction.

4.7  Electric Vehicles

PSO-LSTM is used to optimize energy management and 
accurately estimate the charging status and energy con-
sumption in electric vehicles. The model simulates the com-
plex dynamics of battery charging and discharging based 
on driving patterns, temperature, and road conditions [83]. 
PSO-LSTM significantly enhances the accuracy of esti-
mates and predictions, which directly impacts the efficiency 

importance of accurately predicting deformations of rock 
and soil environments, especially in tunnels and deep exca-
vations, has become essential [79]. In this context, intelligent 
models and deep learning networks have been considered 
as advanced tools for predicting nonlinear and unstable 
deformation behavior. The most commonly used methods 
include LSTM and GRU models, which are well-suited to 
process complex time sequences and uncover hidden pat-
terns in deformation dynamics data. Additionally, PSO has 
been employed to enhance their performance and mitigate 
the inherent uncertainties in measurements from geologi-
cal environments. This integrated approach is designed 
to enhance the accuracy and stability of forecasting under 
various conditions by optimizing the initial parameters of 
forecasting models, while strengthening their convergence 
capability. These methods have successfully managed chal-
lenges such as noise in the measured data, instability in time 
sequences, and high dependence on initial conditions.

The proposed approaches have found wide application in 
challenging environments such as shallow tunnels in clay 
zones, deep excavations in unstable soils, and underground 
roads at high altitudes and great depths. These models can 
consider the effects of various environmental, structural, and 
temporal factors in the prediction process due to their abil-
ity to manage both local and global parameters. As a result, 

Table 13  Application of the PSO-LSTM in the field of deformation prediction
Refs Application Goals key findings Disadvantages Publisher Year
[77] Monitoring vertical defor-

mation in tidal flat terrains 
using MEMS sensor arrays

Predicting periodic and 
trend components of vertical 
deformation (VD) using 
LSTM

Validating the hybrid 
PSO-VMD-LSTM model 
showed consistent perfor-
mance with RMSE < 0.15 
and R2 > 0.90

Processing large volumes 
of time-series VD data 
demands high computa-
tional power and extended 
processing times

IEEE 2024

[78] Predicting deformation 
behavior in deep foundation 
pits using advanced machine 
learning techniques.

Improving the accuracy 
of deformation prediction 
in complex geotechnical 
environments.

Reducing computational 
time while maintaining 
high prediction precision 
in multi-step forecasting.

Incurring complexity in 
model implementation 
due to the integration of 
multiple algorithms.

MDPI 2024

[79] Analyzing deformation 
behavior in tunnel portal 
slopes located in weak 
and water-rich geological 
conditions

Improving prediction accu-
racy of slope displacement 
using hybrid PSO-LSTM 
modeling techniques.

Achieving high prediction 
accuracy with the PSO-
LSTM (R2 = 91%).

Lacking generalization 
potential without recalibra-
tion for tunnels in different 
geological settings.

MDPI 2024

Applying multifractal theory 
to characterize the fluc-
tuation features of tunnel 
deformation data.

Enhancing the accuracy and 
stability of tunnel settlement 
forecasting through model 
optimization.

Demonstrating the 
superior performance and 
stability of the PSO-
LSTM in predicting tunnel 
settlement.

This requires extensive pre-
processing of raw deforma-
tion data before applying 
multifractal analysis.

MDPI 2024

[81] Isothermal deformation 
experiments are conducted 
to investigate the hot work-
ing behavior of Hastelloy 
C276 alloy.

Developing accurate models 
for simulating and forecast-
ing the hot deformation 
characteristics of Hastelloy 
C276.

The PSO-optimized 
LSTM model demon-
strates superior prediction 
accuracy compared to the 
physics-based constitutive 
model.

Encountering difficul-
ties in modeling extreme 
deformation conditions not 
covered in training data.

MDPI 2023

[82] Predicting roadway defor-
mation to support informa-
tion-based construction in 
high-altitude and deep-bur-
ied soft rock environments.

Integrating PSO with LSTM 
to enhance predictive 
performance in complex 
geological conditions.

Demonstrating that the 
PSO-LSTM achieves 
higher prediction accuracy 
compared to traditional 
models.

Requiring continuous 
maintenance and calibra-
tion of monitoring systems 
in harsh, high-altitude 
environments.

Wiley 2022
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analyses. Additionally, compared to traditional numerical 
methods, the PSO-LSTM model achieves a nearly 70% 
increase in computational speed. One of the highlights of 
this approach is its ability to achieve high generalization 
even in conditions with limited training data, making it an 
effective tool for predicting aerodynamic characteristics in 
complex and variable scenarios.

In order to accurately analyze the resistance of a wheel 
loader in contact with soil masses, a hybrid model based 
on PSO-LSTM is presented [114]. A correct understand-
ing of the resistance plays an important role in preventing 
wheel slippage, reducing excess energy consumption, and 
increasing the useful life of mechanical components. In 
order to increase the accuracy and stability of the model, the 
hyperparameters of the LSTM are optimized using the PSO. 
Numerical results show that the PSO-LSTM performs better 
than the LSTM in terms of prediction accuracy, numerical 
stability, generalizability, and noise resistance.

4.10  Hydrological Time Series

The PSO-LSTM is utilized to predict hydrological phe-
nomena, including river discharge, dam water levels, and 
rainfall. It predicts complex and nonlinear patterns caused 
by climate change, seasonality, and extreme climate events. 
The PSO-LSTM [269] is a crucial tool for developing 
hydrogeological forecasting models and making informed, 
sustainable decisions in the management of the most vital 
natural resource. Accurate groundwater level prediction 
will directly contribute to optimizing water management, 
increasing resilience to climate change, and ensuring water 
security for future generations.

4.11  Image Processing

One of the fundamental and long-standing challenges in 
the field of signal and image processing is the denoising 
of medical images. A new model for denoising is designed 

of the battery management system (BMS), increases the 
vehicle range, and improves the user experience. Table 12 
describes the application of the PSO-LSTM in the field of 
electric vehicles. The detailed applications are summarized 
in Table 14.

4.8  Energy Management and Analysis

The PSO-LSTM is used in energy optimization in smart 
buildings, industrial networks, and power distribution 
systems [86]. PSO-LSTM models capture complex and 
dynamic consumption patterns by accurately predicting 
hourly energy demand. These predictions are essential for 
optimal resource allocation, generation scheduling, imple-
menting demand response strategies, and identifying oppor-
tunities for energy savings. PSO increases the accuracy of 
the hybrid model in adapting to sudden and seasonal changes 
in energy consumption. Table 15 describes the application 
of the PSO-LSTM in the field of energy management and 
analysis.

4.9  Engineering System Design

The PSO-LSTM is utilized in the design phase of engineer-
ing systems to predict the system’s future performance under 
various operating conditions. For example, in the design of 
control systems, it is used to predict the system’s response 
to specific inputs or environmental disturbances. By ana-
lyzing simulation data or prototype tests, this model helps 
designers optimize the performance of the system before 
physical construction. An advanced aerodynamic predic-
tion framework based on the combination of an LSTM net-
work and a PSO is presented [119]. The primary objective 
of this approach is to accurately model aerodynamic forces 
under transient and variable conditions and to extract flight 
dynamic derivatives with high precision and computational 
efficiency. The PSO-LSTM model can predict dynamic 
derivatives with an error of less than 1% compared to linear 

Table 14  Application of the PSO-LSTM model in the field of electric vehicles
Refs Application Goals key findings Disadvantages Publisher Year
[83] Integrating electric vehicles into 

power systems to support dynamic 
grid scheduling and infrastructure 
planning.

Utilizing hybrid PSO-
LSTM models for accurate 
and adaptive load forecast-
ing in seasonal variations.

A decrease of 6.57% in 
MAE

Depending heavily 
on the quality and 
preprocessing of input 
time-series data.

MDPI 2025

[84] Administering lithium-ion batter-
ies to enhance the performance 
and longevity of electric vehicles.

Developing reliable battery 
management systems

Optimizing DL architec-
tures for better conver-
gence and generalization 
in battery forecasting.

Suffering from overfit-
ting risks when models 
are trained on insuf-
ficient or non-represen-
tative battery cycles.

MDPI 2025

[85] Implementing model predictive 
control strategies for motion 
control in distributed drive electric 
vehicles.

Improving the driving 
experience by optimizing 
motion control parameters 
across different driving 
modes.

Confirming the abil-
ity of the LSTM to 
classify driving feel 
under various control 
configurations.

high computational MDPI 2023
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of the individual’s movement plays a key role in increasing 
the effectiveness of human-robot interaction. The input of 
the PSO-LSTM includes multi-channel electromyographic 
signals from the muscles of the thigh and knee region [138]. 
These signals represent the electrical patterns of the muscles 
during the execution of joint flexion and extension move-
ments, providing accurate information about the patient’s 
motor intention. After training the PSO-LSTM using the 
data, the network output includes continuous and real-time 
estimates of the angles of the hip and knee joints. This output 
is directly injected into the control module of the rehabilita-
tion robot to generate precise torque or position commands 
by the patient’s intention. The high prediction accuracy of 
the PSO-LSTM reduces latency, enhances coordination 
between human and robot movements, and improves safety 
during the rehabilitation process.

4.13  Intrusion Detection

In intrusion detection systems (IDS), the combination of 
PSO and LSTM is suitable for environments such as Inter-
net of Things (IoMT) networks [143], wireless sensor 
networks [147], and mobile ad hoc networks [145] with 
heterogeneous and dynamic data. Other application areas 
of PSO-LSTM include analyzing traffic flows in wireless 

based on the combination of LSTM and PSO [137]. Lung 
CT scan images are input into the system, and the PSO 
algorithm is used to determine the optimal size of the data-
set. To improve the denoising process and reduce internal 
variations in the data distribution, the LSTM-based batch 
normalization technique is employed. The performance of 
the proposed model is evaluated based on standard crite-
ria, including the peak signal-to-noise ratio (PSNR) and the 
mean square error (MSE). The experimental results show 
that this method has higher efficiency and accuracy com-
pared to other conventional denoising algorithms. There-
fore, this model has considerable potential for enhancing the 
quality of medical images and improving the accuracy of 
clinical diagnoses. Figure 12 depicts the steps of the PSO-
LSTM model for image classification.

4.12  Industrial Robot

In industrial robotics, PSO-LSTM is used to predict robot 
trajectories, mechanical errors, and the states of robot joints 
based on time-series sensor data. PSO-LSTM facilitates 
optimal motion planning, predictive maintenance, and 
improves both the accuracy and safety of robotic opera-
tions. In the rehabilitation process of patients with lower 
limb motor disorders, accurate and real-time recognition 

Table 15  Application of the PSO-LSTM model in the field of energy management and analysis
Refs Application Goals key findings Disadvantages Publisher Year
[86] Prediction of the remaining 

useful life of lithium
Optimizing model param-
eters through PSO

PSO enhances conver-
gence and generalization

Evaluating model perfor-
mance depends heavily on 
the quality and representa-
tiveness of the test dataset.

MDPI 2025

[87] Develop an advanced 
framework to detect unusual 
patterns in electricity usage

Combining PSO with 
LSTM to enhance predic-
tion reliability.

Detecting irregular elec-
tricity usage behaviors 
with greater efficiency 
compared to baseline 
models.

Highly dependent on precise 
parameter configuration for 
optimal results.

world 
scientific

2025

[88] Tackling complex urban 
rail energy demand patterns 
using an integrated model.

Integrating LightGBM  
and LSTM models to 
improve prediction 
accuracy.

Minimizing predic-
tion errors in nonlinear 
and non-stationary 
environments.

Challenging model mainte-
nance and updating

Springer 2024

[89] This study combines PSO, 
LSTM, GRU, and PID 
control to improve real-time 
prediction of hydraulic 
system positioning.

Employing PSO for opti-
mizing neural network 
hyperparameters

Reducing energy con-
sumption through intel-
ligent prediction-driven 
control strategies

Increasing system complex-
ity through the integration 
of multiple algorithms

MDPI 2024

[90] Energy consumption estima-
tion based on motor effi-
ciency and driving patterns.

Enhancing driving mile-
age by reducing energy 
consumption during 
vehicle operation

Reducing average energy 
consumption by 11.11% 
using the proposed 
framework

Requiring large-scale data 
to train accurate LSTM-
based trajectory prediction 
models

Elsevier 2024

[91] Forecasting customer-side 
electricity load using LSTM

Intelligent energy stor-
age allocation to reduce 
annual electricity costs.

Solving the cost minimi-
zation problem with PSO

Requiring high-quality his-
torical and real-time data for 
proper load prediction

MDPI 2023

[92] Forecasting short-term heat 
pump electricity loads using 
LSTM models

Developing an optimized 
energy management strat-
egy by combining neural 
networks with PSO

Demonstrating the 
superiority of LSTM over 
classical and machine 
learning models

Achieving the lowest aver-
age MAPE of 1.59% using 
LSTM for test datasets

Elsevier 2021
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networks, detecting malicious nodes in mobile networks, 
and detecting suspicious activities in systems without infra-
structure. Another application of the PSO-LSTM model is 
in designing low-latency threat detection systems in high-
traffic networks. In this regard, PSO, by dynamically and 
automatically adjusting the parameters of the LSTM model, 
enables the implementation of lightweight and fast sys-
tems with real-time execution. Ultimately, the application 
of PSO-LSTM in security systems serves as a comprehen-
sive solution, enhancing network security levels, facilitat-
ing the early detection of complex attacks, and improving 
the overall performance of intrusion detection and cyber 
defense systems. The pseudocode of the PSO-LSTM model 
for intrusion detection, as expressed in algorithm (1), is 
presented.

Fig. 12  The steps of the PSO-
LSTM model for image classifi-
cation [136]
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4.14  Internet of Things

In the IoT ecosystem, the PSO-LSTM model is used to 
predict device behavior patterns, energy consumption, sen-
sor status, or anomaly detection in large, real-time data 
streams. IoT data is often noisy and has complex temporal 

Table 16  The advantages and disadvantages of the PSO-LSTM model 
in the field of IoT
Properties Features Description
Advantages Increasing predic-

tion accuracy
PSO helps optimize LSTM 
parameters, thereby increas-
ing the model’s accuracy in 
predicting sequences.

Reducing energy 
consumption

In network applications, 
more accurate predictions 
lead to the optimal use of 
limited energy resources.

Increasing adapt-
ability to dynamic 
conditions

PSO can quickly adapt to 
environmental and network 
changes in LSTM learning.

Identifying com-
plex and nonlinear 
patterns

The ability of LSTM 
to understand temporal 
dependencies and PSO is 
effective in adjusting the 
model’s structure.

Improving 
stability in 
decision-making

In routing and resource 
allocation, decisions made 
through the model are less 
volatile.

Application in 
network security

The ability to identify 
threats and anomalies in 
IDSs is a key predictor of 
accurate and predictable 
results.

Disadvantages Need to tune sen-
sitive parameters.

Incorrect PSO settings 
(such as population size or 
inertia weight) may lead to 
poor convergence.

High initial energy 
consumption in 
the training phase

Especially in nodes with 
limited resources.
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LSTM has been proposed as FCM-PSO-LSTM for epilepsy 
diagnosis. The second model is a direct combination of the 
PSO algorithm with LSTM, referred to as PSO-LSTM. In 
both models, PSO is responsible for optimizing the LSTM 
network’s parameters to enhance the model’s performance 
in the early detection of epileptic seizures. The experimental 
results show that both models have excellent performance 
in the early detection of epileptic seizures related to stress 
and anxiety. The PSO-LSTM model has recorded accura-
cies of 97% and 98.5%, respectively. Figure 13 depicts the 
steps of PSO-LSTM in the medical industry.

4.16  Natural Language Processing (NLP)

In NLP, LSTM is widely used to model sequences of words 
in text. PSO-LSTM is used in applications such as machine 
translation, text generation, sentiment analysis, and text 
summarization [164]. PSO improves the model’s perfor-
mance in learning grammatical and semantic dependencies 
in long sentences and documents by optimizing the LSTM 
parameters (e.g., the number of LSTM units and the learn-
ing rate). By using language modeling techniques and com-
bining them with neural networks, hidden patterns in user 
comments are identified [166]. The primary goal is to design 
a neural network architecture based on language modelling, 

dependencies. LSTM models these patterns, and PSO per-
forms optimization to ensure high performance in distrib-
uted and scalable IoT environments. Routing optimization 
with quality of service (QoS) in Internet of Things (IoT) 
networks has been performed by PSO-LSTM [155]. LSTM 
is used to intelligently predict future path behavior and 
network load. This prediction helps in improving conver-
gence and stable parent selection. PSO is responsible for 
automatically tuning parameters and optimizing routing and 
scheduling processes. Table 16 presents the advantages and 
disadvantages of the PSO-LSTM model in the field of IoT.

4.15  Medical Industry

The PSO-LSTM model is used in the analysis of time-series 
medical data such as electrocardiogram (ECG) signals for 
diagnosing heart diseases, electroencephalogram (EEG) 
signals for diagnosing epilepsy or sleep patterns, as well 
as predicting the progression of diseases (such as Alzheim-
er’s). Epilepsy is a common neurological disorder caused 
by abnormal activity of brain neurons [158]. EEG signals 
are usually used to diagnose this disorder. The analysis 
and interpretation of these signals, particularly in the early 
stages of diagnosis by humans, are often prone to errors. 
The combination of fuzzy clustering (FCM), PSO, and 

Fig. 13  The steps of PSO-LSTM 
in the medical industry
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than traditional ANN models [188]. A fundamental limita-
tion of artificial neural networks is their inability to capture 
time dependencies and long-term trends in time series data. 
In predictive maintenance applications, detecting gradual 
failures, recurring patterns in sensor data, and analyzing the 
long-term behavior of machinery are essential. As a static 
model, ANN lacks internal memory and processes each 
input independently; therefore, it does not correctly under-
stand the temporal relationships between data. This limita-
tion reduces the accuracy of prediction in conditions where 
the process of component degradation occurs gradually and 
nonlinearly.

4.20  Renewable Energy Optimization

In recent years, the use of hybrid models to enhance fore-
cast accuracy in the renewable energy sector has garnered 
significant attention. One of these innovative models is the 
hybrid structure of PSO-LSTM, which has a much faster 
convergence rate compared to the basic PSO [192]. In the 
field of wind power management, the LSTM-PSO model 
has demonstrated remarkable performance in mitigating 
the fluctuations and uncertainties inherent in wind turbine 
output power. By considering factors such as forecast error 
and production losses due to deviations, this model deter-
mines the optimal output of wind farms with high accu-
racy, thereby increasing the grid’s efficiency. In the field of 
solar energy, where the stability and predictability of solar 
radiation are crucial, the CPSO-LSTM model emerges as a 
more advanced alternative. In this model, the chaotic PSO 
(CPSO), as an intelligent searcher, optimizes the sensitive 
parameters of the LSTM [191]. The primary objective of 
this model is to significantly reduce solar radiation forecast-
ing errors, thereby enhancing the efficiency of solar energy 
generation systems. The results of implementing this model 
indicate a significant improvement in accuracy compared 
to other forecasting methods. Therefore, the CPSO-LSTM 
model is considered not only as an advanced computational 
tool but also as a strategic solution for solar power plant 
operators and electricity distribution companies. Because it 
enables the stability of a clean energy supply. The overall 
structure of the PSO-LSTM process is illustrated in a flow-
chart format in Fig. 14.

4.21  Risk Assessment

In the fields of finance, insurance, and engineering, PSO-
LSTM is used to assess future risks based on time series 
of historical data (such as market volatility, failure rates, 
safety data) [197]. PSO increases the accuracy of risk pre-
diction. A multi-stage model for credit risk assessment using 
deep networks is presented. In the credit risk assessment 

utilizing recurrent neural networks, particularly LSTM, 
to predict the course of conversations. To feed the LSTM 
layers, the distribution of hidden topics obtained from the 
trained Latent Dirichlet Allocation (LDA) model is used. 
To optimize the system’s performance, the PSO algorithm 
is employed. The findings show that the combined model, 
incorporating LSTM and PSO optimization capabilities, 
performs significantly better than the basic methods.

4.17  Oil and Gas Industry

The PSO-LSTM model is used in forecasting oil and gas 
production from reservoirs, forecasting crude oil prices 
[167], analyzing well logs, and optimizing drilling opera-
tions. The data in this industry often have a high level of 
noise, a nonlinear nature, and complex time dependencies. 
LSTM models these patterns, and PSO improves forecast 
accuracy for strategic and operational decisions in the oil 
and gas industry by optimizing parameters [172].

4.18  Photovoltaic Power Prediction

The combination of PSO and LSTM is an advanced and 
efficient solution for power forecasting of photovoltaic sys-
tems [179]. This combination is used to improve forecast 
accuracy and enhance stability against severe fluctuations in 
solar data. The volatility and stochastic nature of wind speed 
and solar radiation pose significant challenges in predict-
ing the power generation of wind and solar resources. The 
instability in the forecast has led to a decrease in planning 
accuracy in power networks and a degradation in the per-
formance of power plants. To overcome this problem, the 
Quantum PSO (QPSO) algorithm is used for the structure 
and parameters of the LSTM network [178]. An optimized 
model based on LSTM has been developed for forecasting 
the short-term power generation of wind and solar resources. 
This model was first tested using real data, and the results 
were then compared with those of the model without opti-
mization. The results show that the proposed model based 
on QPSO-LSTM has higher prediction accuracy and pro-
vides better performance than the reference models.

4.19  Predictive Maintenance

The PSO-LSTM model is used to predict the failure time 
of industrial components or equipment based on sensor 
data (vibration, temperature, pressure) over time [184]. 
This model extracts degradation patterns and predictive 
failure signals from noisy time series data. The PSO algo-
rithm improves prediction accuracy and reduces operating 
costs. The combination of PSO with an LSTM network in 
the field of predictive maintenance has better performance 
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show that the error value of PSO is less compared to GA 
and WOA.

4.22  Runoff Prediction

The PSO-LSTM model is used in hydrology to predict the 
volume of runoff from rivers and watersheds [200, 201]. 
This model models complex and nonlinear relationships 
between variables by analyzing historical data (such as 
precipitation, temperature, soil moisture, and runoff). Opti-
mization using PSO enhances the accuracy of forecasting 

problem, the data is usually unbalanced, meaning there are 
many more good debtors than bad debtors. To address this 
problem, techniques such as SMOTE or under-sampling are 
employed. In the PSO-LSTM model, the PSO is used to find 
the optimal combination of LSTM parameters [198]. This 
enables the model to achieve higher prediction accuracy and 
prevent performance degradation resulting from inappropri-
ate parameter selection. In the final stage, the model perfor-
mance is evaluated based on indicators such as Accuracy, 
Recall, F1 score, and AUC. Navigation risk assessment 
has been performed through PSO-LSTM [295]. The results 

Fig. 14  Flowchart of CPSO-
LSTM model for solar irradiance 
prediction [191]
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predict price trends faces fundamental challenges. Because 
the data of these markets is usually accompanied by noise, 
irregularity, and statistical chaos. In such a complex context, 
the IPSO-LSTM model works as an innovative and intel-
ligent approach [227]. This model not only leverages the 
LSTMs ability to extract deep temporal patterns, but also 
expands the search range for optimal parameters by com-
bining it with an improved version of PSO (with an adap-
tive mutation factor). In other words, IPSO is like a skilled 
guide that diverts the network’s training path away from 
low-value paths and local dead ends, guiding it towards the 
best possible settings. The innovation of the IPSO-LSTM 
model lies in its use of adaptive mutations to uncover the 
hidden relationships between variables. This dynamic pro-
cess makes the model not only more statistically accurate, 
but also more robust in terms of resistance to unpredictable 
market fluctuations. Testing this model on real data from 
the Australian Stock Exchange (ASX) showed that its per-
formance is significantly improved compared to classical 
models such as SVR, LSTM, and PSO-LSTM.

Table 17 shows a comparison between the PSO-LSTM 
model and data mining algorithms for stock price predic-
tion. In the field of stock price forecasting, data is often 
nonlinear, dynamic, and influenced by multiple factors. 
Therefore, selecting an accurate and appropriate model is 
crucial for informed financial decision-making. By compar-
ing different algorithms such as ANN, Logistic Regression 
(LR), Decision Tree (DT), Random Forest (RF), Multiple 
Linear Regression (MLR), and PSO-LSTM hybrid model, 
it is found that the PSO-LSTM model has an outstanding 
performance in all important forecasting criteria. The PSO-
LSTM model exhibits higher stability and robustness in 
forecasting compared to ANN and other traditional models. 
Models such as RF and DT, which perform better in inter-
preting results, are not suitable for time series data. Addi-
tionally, compared to MLR and LR, which can only model 
linear relationships, PSO-LSTM is well-equipped to learn 

for flood management, water resource planning, and dam 
operations.

4.23  Signal Processing

The PSO-LSTM model is used in applications such as noise 
filtering, pattern recognition, and prediction of complex sig-
nals (such as audio signals, radar signals, or communication 
signals) [203]. LSTM is very suitable because of its ability 
to learn temporal dependencies in signals [209]. PSO opti-
mizes the parameters of LSTM to extract meaningful infor-
mation from noisy and dynamic signals.

4.24  SOC Estimation

Specifically, the PSO-LSTM model is used to accurately 
estimate the SOC of batteries in real time based on voltage, 
current, and temperature data [212, 215]. The model suc-
cessfully handles the challenges of sensor noise and nonlin-
ear battery dynamics. PSO ensures that the LSTM, with the 
best settings, provides the highest accuracy in SOC estima-
tion under operational conditions.

4.25  Stock Price Forecasting

Various data such as open and close prices, daily highs and 
lows, trading volume, as well as technical indicators such as 
RSI, MACD, and Bollinger Bands are fed into the LSTM 
network as market behavioral signals [218]. LSTM, with its 
memory gate mechanism, analyzes the underlying relation-
ships between these variables layer by layer, providing a 
clearer forecast of future prices. Financial markets, particu-
larly the stock market, behave like dynamic and unpredict-
able systems. These markets are influenced by a complex 
system of thousands of internal and external factors, and 
their movements often do not follow simple, linear rules. 
Meanwhile, using traditional machine learning algorithms to 

Table 17  A comparison between the PSO-LSTM and data mining algorithms on stock price prediction
Features PSO-LSTM ANN [230] LR DT RF MLR
Forecast accuracy Very good Average Low Average Average Low
Processing temporal data Very good Poor Very poor Average Average Weak
Ability to adapt to nonlinear patterns Very good Good Weak Good Good Weak
Resistance to noisy data Good Average Low Good Good Low
Learning speed Average Average Fast Fast Slow Very fast
Computational complexity Average Average Low Low Average Very low
Requires fine-tuning of parameters Yes Yes Good Yes Yes No
Interpretation ability Poor Low Average Good Average Good
Long-term performance Good Poor Very poor Poor Average Weak
Scalability Good Good Good Average Good Very good
Requires large amounts of data Yes Yes Low Low Average Low
Robustness Good Average Good Average Good Low
Time dependence analysis Good Inadequate Inadequate Average Average Weak
Application in stock price forecasting Adequate Low Adequate Adequate Adequate Limited
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the best combination of LSTM parameters by intelligently 
and automatically searching the parameter space [244]. This 
automatic optimization not only significantly increases pre-
diction accuracy but also enhances the stability and reliabil-
ity of the model.

Long-term memory: The defining feature of LSTM is its 
ability to retain long-term memory. The network is inher-
ently designed to understand and model autocorrelation 
over time. The network does not just look at the previous 
moment in time; LSTM stores information from the past 
several days, weeks, or even months in its memory cells. 
It identifies and exploits long-term dependencies that exist 
in autocorrelated price patterns. For example, if the price 
of a stock increases during a particular season every year, 
the LSTM learns this seasonal pattern through long-term 
autocorrelation.

Figure 15 shows the PSO-LSTM papers in the field of 
time series forecasting based on the percentage of differ-
ent publishers. Elsevier has the highest share with 31%. 
MDPI is in second place with 22%. Wiley, with 19%, and 
IEEE, with 16%, are in third and fourth place, respectively. 
Springer, with 9%, and Taylor & Francis, with 3%, have the 
lowest number of papers published in this field. This distri-
bution indicates that most papers related to PSO-LSTM in 
the field of time series forecasting have been published in 
journals affiliated with Elsevier and MDPI, which suggests 
the scientific credibility and focus of these publishers on the 
fields of artificial intelligence and DL.

4.27  Traffic Flow Management

The PSO-LSTM model helps intelligent traffic management 
systems by predicting traffic volume, speed, and travel time 
on road or rail networks [261]. The model models daily 
and weekly traffic patterns and the impact of events. PSO 
improves prediction accuracy for optimal routing, traffic 
signal control, and congestion reduction. Network traffic 
assessment and prediction lead to the identification of net-
work anomalies. The PSO-LSTM prediction model is pro-
posed to handle the special characteristics of network traffic, 
such as real-time mutation and time dependence [265]. The 
network traffic data is modeled as a non-negative matrix X 
of dimensions N by T, where N represents the number of 
nodes and T represents the number of sampled time inter-
vals. Each column in the data matrix represents the amount 
of network traffic at a specific node during a particular time 
interval. Fig. 16 shows the PSO-LSTM model for network 
traffic prediction.

complex nonlinear patterns in financial data and provide 
more accurate forecasts.

4.26  Time Series Forecasting

Nonlinearity and high noise in time series pose significant 
challenges, especially in price forecasting (such as stock 
prices, cryptocurrencies, or commodities) [231]. These fac-
tors lead to the failure to identify hidden patterns in the data. 
Combining the power of modeling complex relationships 
and temporal dependencies of LSTM with the automatic and 
efficient optimization capabilities of PSO, the PSO-LSTM 
model is a comprehensive and robust solution for accurate 
and stable price forecasting in time series. The main reasons 
for using the PSO-LSTM model are as follows:

Non-linearity: The relationships between factors affect-
ing price (economic news, political events, market senti-
ment, trading volume, etc.) are rarely linear. Small changes 
in one factor led to significant and unpredictable fluc-
tuations in price [237]. Traditional models built on linear 
assumptions are unable to model complex and nonlinear 
relationships. Due to its specialized architecture, which 
includes input, forget, and output gates, the LSTM network 
is capable of learning and modelling complex nonlinear 
relationships and long-term temporal dependencies in the 
data. This capability enables the LSTM to identify hidden 
and nonlinear patterns in price data, even in the presence of 
significant fluctuations.

High Noise: Time series often contain a large amount of 
noise, which is caused by random factors, market manipula-
tions, or irrelevant information [241]. Noise obscures real 
patterns and disrupts model training. The LSTMs ability to 
filter out noise and focus on meaningful information through 
its internal memory mechanisms enables it to skip past irrel-
evant information and emphasize important signals. This 
feature makes the model less affected by noise and provides 
more stable predictions.

Long-term Dependencies: Current prices depend not 
only on recent prices, but also on events and patterns from 
the distant past. Traditional models, such as ARIMA models 
struggle to deal with these long-term dependencies [243]. 
LSTM is inherently designed to handle long-term depen-
dencies. Its built-in memory allows it to store and retrieve 
information from the distant past, which is critical for iden-
tifying long-term trends and recurring patterns in price time 
series.

Hyperparameter tuning: The ultimate performance of an 
LSto predict wind speeds in wind farms accurately hyper-
parameters. Manually determining these parameters (such 
as the number of neurons, learning rate, and batch size) is a 
time-consuming, experimental, and often inefficient process 
that leads to unstable results. Therefore, the PSO identifies 
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4.29  Water Resources Management

The PSO-LSTM model is used to predict water demand, 
reservoir water levels, and water quality in water resource 
management systems [271]. The model models seasonal 
patterns, trends, and impacts of climatic and anthropogenic 
factors. PSO optimization facilitates the making of optimal 
decisions for water allocation, drought and flood manage-
ment, and maintaining water quality.

Quantum PSO (QPSO) offers a significant improvement 
over traditional PSO [273]. This approach enhances the 
exploration of the solution space, thereby preventing pre-
mature convergence and increasing the likelihood of find-
ing global optima. QPSO updates the positions of particles 
based on personal best solutions and global best solutions. 
Due to the probabilistic behavior of quantum particles, more 
exploratory moves are possible. This process continues until 
the algorithm converges to an optimal or near-optimal set 
of hyperparameters. The PSO-LSTM model is proposed 
to predict flood dynamics using observed water level data 
from stations located along the rivers of Bangladesh [276]. 

4.28  Unmanned Aerial Vehicles

The PSO-LSTM model is utilized in UAVs to predict 
flight paths, estimate battery power consumption, assess 
component health, and analyze flight sensor data to detect 
anomalies and enhance safety. LSTM models are used to 
capture flight dynamics and environmental factors. At the 
same time, PSO optimizes the parameters to improve the 
accuracy and stability of predictions in variable flight con-
ditions. First, the QUAV flight data, including variables 
such as 3D position, angular velocity, linear acceleration, 
gyroscope outputs, GPS data, and inertial sensors, are col-
lected and preprocessed [267, 268]. Preprocessing involves 
normalizing the data and removing outliers to prepare it for 
input to the LSTM network. The final PSO-LSTM model is 
trained on the training data and then evaluated on the test 
set. The model’s performance in predicting future states of 
the QUAV (e.g., velocity, position, or yaw angles) is com-
pared with real data to determine its accuracy.

Fig. 15  The PSO-LSTM papers 
in the field of time series fore-
casting based on the percentage 
of different publishers
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Fig. 17  Flood dynamics prediction by PSO-LSTM model on Bangladesh rivers [276]

 

Fig. 16  PSO-LSTM model for 
network traffic prediction [265]
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defined. IPSO searches for the best combination within this 
range. A minimum objective function is defined to evaluate 
the performance of each parameter combination. Usually, 
this function is determined based on prediction evaluation 
criteria such as RMSE, MAE, or mean absolute percentage 
error (MAPE). The IPSO model iterates the search process 
multiple times. In each iteration, particles move through 
the search space and update their positions based on their 
best individual performance and best group performance, 
thereby converging towards the global optimum. At the end 
of the process, the best combination of LSTM parameters 
with the lowest prediction error is selected and used for the 
final training of the LSTM model. The experimental results 
show that the prediction accuracy of the PSO-LSTM model 
is higher than that of the LSTM model [245]. In addition, 
the comparison of the IPSO-LSTM model with the PSO-
LSTM model also highlights the significant improvement 
in the performance of the improved model. During the off-
peak period (regular hours), the evaluation criteria MAE, 
RMSE, and MAPE decreased by 20.53%, 26.00%, and 
16.20%, respectively. Also, in the peak traffic hours, this 
reduction has been achieved by 11.66%, 10.87% and 9.62%, 
respectively [245]. Additionally, the execution time of the 
IPSO-LSTM model is shorter than that of the PSO-LSTM. 
This indicates that the improved model has better efficiency 
and performance in predicting passenger flow.

Figure 18 shows the applications of PSO-LSTM in dif-
ferent fields based on the number of papers. A 40-paper 
study on engineering systems design demonstrates the wide 
application of the PSO-LSTM model in modelling and 
optimizing technical and industrial systems. Time series 
forecasting with 32 papers is ranked second. Therefore, the 
ability of the PSO-LSTM model to learn time dependen-
cies and optimize forecast performance is confirmed. In the 
next rankings, applications such as water resources man-
agement, intrusion detection, stock price forecasting, wind 
speed forecasting, and those in the oil and gas industries are 
featured. These areas are primarily based on variable and 
dynamic data, requiring algorithms with DL capabilities and 
automatic parameter adjustment. Some areas, such as elec-
tric vehicles, natural language processing, risk assessment, 
cloud computing, cybersecurity, the Internet of Things, and 
drones, with a smaller number of papers (mainly 2 or 3), 
indicate that they are still in the early stages of utilizing 
intelligent models.

Analysis of 238 papers shows that 153 papers compared 
the PSO-LSTM model with the base LSTM. The results of 
the papers showed that the PSO-LSTM model achieved bet-
ter accuracy compared to LSTM. Also, 85 papers compared 
the PSO-LSTM model with other models and machine 
learning algorithms.

Fig. 17 shows flood dynamics prediction by PSO-LSTM 
model on Bangladesh rivers.

4.30  Wind Speed Forecasting

In the wind energy industry, the PSO-LSTM model is used 
to accurately predict wind speeds in wind farms. This pre-
diction is crucial for power generation estimation, grid 
planning, and optimal wind turbine management. LSTM 
significantly increases the prediction accuracy by model-
ing the nonlinear and complex fluctuations of wind speed 
(affected by climatic and geographical factors). Wind speed 
data from measurement stations at regular intervals (such as 
every ten minutes or hours) are used as input to the PSO-
LSTM model [282, 285]. After preprocessing, including 
normalization, noise removal, and dispersion correction, 
these data are prepared for training in successive windows. 
After determining the optimal values for the hyperparam-
eters, the LSTM model is trained using the wind data and 
used to predict wind speeds in future time intervals [292]. 
The model output is presented in the form of predicted wind 
speed values. It is compared with the actual data and evalu-
ated using indicators such as MAE, RMSE, and coefficient 
of determination (R2) [289].

5  Discussion

LSTM networks have revolutionized the field of time series 
prediction, including passenger flow prediction, due to 
their ability to learn complex patterns and long-term time 
dependencies [252]. The performance of LSTMs is highly 
dependent on the fine-tuning of hyperparameters. These 
parameters, such as learning rate, batch size, number of hid-
den units, or dropout rate, determine the training path of the 
model and ultimately the accuracy of the prediction. Manu-
ally determining these parameters is an empirical, time-con-
suming process that is highly dependent on expertise and 
intuition. In an urban rail transportation system that serves 
millions of passengers daily, even slight fluctuations in pre-
dictions can lead to inefficient scheduling, overcrowding, 
delays, or even safety issues. To solve this problem, IPSO 
intelligently searches the parameter space to find the best 
combination for the LSTM [245]. This approach not only 
reduces human error but also enables the LSTM model to 
reach its full potential, providing more stable and accurate 
predictions.

The parameter tuning process with IPSO is as follows 
[245]: First, the LSTM parameters (e.g., number of layers, 
number of neurons per layer, learning rate, forgetting rate, 
batch size) are specified and then optimized by IPSO. For each 
parameter, a reasonable range (minimum and maximum) is 
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Lévy flights or quantum versions of PSO (QPSO) leads to 
increased movement diversity and a reduced likelihood of 
getting stuck in local optima [297]. Fig. 19 illustrates the 
flowchart of the improved PSO, which employs various 
strategies.

The PSO exhibits limited and unstable performance in 
many DL applications, particularly in the optimal adjust-
ment of LSTM parameters, due to its tendency to converge 
prematurely and become stuck in local optima. These limi-
tations are especially evident in complex problems with 
nonlinear and high-dimensional search spaces. For this rea-
son, improved versions of PSO aim to enhance the global 
search power and improve the escape from stagnation areas 
by incorporating mechanisms such as Chaotic Map-PSO 
(CMPSO), OBLPSO, Quantum-PSO (QPSO), Levy Flight-
PSO (LFPSO), Mutation-PSO (MUPSO) [298], and Cross-
over-PSO (COPSO). Models such as QPSO and LFPSO 
have enhanced the accuracy of the model and reduced its 
dependence on initial values by expanding the search space 
and creating diverse motion dynamics, particularly in the 
field of time series prediction. For advanced DL-based 

5.1  PSO Enhancement

Despite the high efficiency of PSO in many applications, 
this algorithm faces challenges in its basic form that 
reduce its performance in complex problems. Among the 
most important problems of PSO are getting stuck in local 
optima, reducing population diversity over time, premature 
convergence, and dependence on the selection of appropri-
ate parameters. These weaknesses are especially evident 
in optimization problems with multidimensional search 
spaces, such as training recurrent neural networks and those 
with long-term memory (LSTM). To increase the efficiency 
of PSO, its improved versions should be used. One of the 
most effective methods for improving PSO is to utilize cha-
otic maps instead of traditional random distributions. This 
method increases the diversity of the initial population and 
prevents premature concentration of particles in a specific 
region of the search space [296]. OBL strategy, as a method 
to simultaneously evaluate the current and opposite posi-
tions of each particle, has been shown to accelerate con-
vergence and improve the quality of responses. The use of 

Fig. 18  The applications of PSO-LSTM in different fields based on the number of papers (https://www.scopus.com)
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confidence in its individual experience, is usually in the 
range of 1.5 to 2.0, and the social coefficient, which indi-
cates the particle’s confidence in the best collective position, 
is also chosen in the same range. For the stability of the 
particle’s movement, the sum of c1 and c2 is usually consid-
ered close to 4. Conventionally, the combination of w = 0.7, 
c1 = 1.5, and c2 = 1.5 has been used as appropriate and stable 
values in many studies.

Table 18 shows the computational complexity for differ-
ent PSO-LSTM models. The simplest and least expensive 
case is related to PSO, whose complexity is O(NDT). With 
the addition of the LSTM network in the PSO-LSTM model, 
the cost of training the network with the order of O(MP) is 
added to the overall complexity and becomes heavier than 
the simple PSO. In the QPSO-LSTM model, the complexity 
has grown more due to the use of quantum calculations and 
logarithmic relations. The OBLPSO-LSTM model costs 
twice as much as PSO due to the use of OBL. In the LFPSO-
LSTM and MUPSO-LSTM models, the additional cost due 
to Lévy movements and the mutation operation is added to 
the overall complexity as O(ND). Finally, the highest com-
plexity is related to COPSO-LSTM. Because the merging 
operation is performed between pairs of particles and adds 
an order of O(N2D) to the complexity.

Although PSO was introduced in the mid-1990s and is 
considered one of the old algorithms, it has continued to be 
widely used and appreciated due to its simplicity, ease of 

applications, such as time series data analysis, financial 
forecasting, or intelligent controls, combining LSTM with 
IPSO models is a promising and effective approach for opti-
mizing parameters and extracting more accurate patterns.

In the PSO, three main parameters, including inertia 
weight (w), cognitive coefficient (c1), and social coeffi-
cient (c2), play a key role in the efficiency of the model. 
The inertia weight value is usually chosen between 0.4 and 
0.9. Larger values lead to better global search, and smaller 
values lead to faster convergence. The common method is to 
linearly decrease this value from 0.9 to 0.4 during iterations. 
The cognitive coefficient, which determines the particle’s 

Table 18  The computational complexity for different PSO-LSTM 
models
Models Computational complexity
PSO O (N · D · T )
PSO-LSTM O (N · D · T + M · P )
QPSO-LSTM O (N · D · T · logD + M · P )
OBLPSO-LSTM O (2 · N · D · T + M · P )
LFPSO-LSTM O (N · D · T + N · D + M · P )
MUPSO-LSTM O (N · D · T + N · D + M · P )
COPSO-LSTM O

(
N · D · T + N2 · D + M · P

)

N: number of particles. D: problem dimensions. T: number of itera-
tions. M: number of training samples. P: number of LSTM param-
eters

Fig. 19  The flowchart of 
improved PSO by different 
strategies
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for predicting PSO-LSTM models in different applications. 
In the evaluation of predictive models, YP represents the 
predicted value, YA represents the original (actual) value, 
and n is the number of data sets. These symbols are used to 
define and calculate evaluation indices.

A review of the literature showed that nonparametric tests 
have been used in the PSO-LSTM combination to evaluate 
and compare the performance of the models. Usually, the 
Wilcoxon signed-rank test is used to compare the perfor-
mance of PSO-LSTM with other machine learning models 
or neural networks [70, 74]. Also, the Friedman test has 
been used in situations where several different algorithms 
are compared simultaneously. The use of these tests, due to 
their independence from the assumption of normality of the 
data and the ability to analyze experimental results, allows 
for a more accurate and reliable evaluation of the perfor-
mance of PSO-LSTM compared to competing models [149, 
299].

Data normalization plays a very important role in improv-
ing the accuracy of predictions, so all the datasets are scaled 
to a range between zero and one using the Min-Max Nor-
malization technique [272]. This method enables the PSO-
LSTM model to work with more uniform and homogeneous 
data, thereby avoiding problems caused by different scales. 
Min-Max normalization is defined by Eq. (11). Each input 
value is mapped to the range 0 to 1 using the lowest and 
highest values in the training data. This technique enables 
the PSO-LSTM model to learn more effectively and miti-
gate the impact of large fluctuations in the data during the 
training process. Additionally, by preserving the ratios and 
relative differences between the data, the original informa-
tion is maintained, allowing the model to better understand 
the existing patterns. 

n′ = dmin + (dmax − dmin) +
(

x − xmin

xmax − xmin

)
� (11)

In this formula, n′ represents the normalized value, which 
is in the range between dmin and dmax. The symbol x is the 
original data value, and xmin and xmax are the minimum 
and maximum values in the data set, respectively, that need 
to be normalized. Using these definitions makes the data 
uniform and comparable, and avoids problems caused by 
differences in the range of values.

5.3  Superiority of the Pso-Lstm

Comparison of the PSO-LSTM with other hybrid algo-
rithms such as Whale Optimization Algorithm-LSTM 
(WOA-LSTM), Grey Wolf Optimization-LSTM (GWO-
LSTM), Harris Hawks Optimization-LSTM (HHO-LSTM) 
and Genetic Algorithm-LSTM (GA-LSTM) in many studies 

implementation, and efficiency in solving various optimiza-
tion problems. Despite the introduction of new algorithms, 
PSO continues to be a strong foundation and reference point 
and is widely used in various fields such as neural network 
training, engineering designs, and hybrid methods (such as 
OBLPSO, QPSO, and PSO-LSTM hybrid models). Fea-
tures such as adaptability, extensibility through various 
improved versions, and stable performance in reference and 
real-world problems are the main reasons for its survival 
and competitiveness to this day.

5.2  Important Criteria for Pso-Lstm Evaluation

In studies on PSO-LSTM [264, 269], common indicators 
such as RMSE, mean absolute percentage error (MAPE), 
MAE, and correlation coefficient (r) are used to evaluate the 
prediction. Various statistical measures are used to assess 
the accuracy of forecasting models. The MAE is one of 
the simplest and most reliable of these indicators, which is 
obtained by calculating the absolute difference between the 
actual values and the predicted values in the entire dataset. 
This measure is widely used in many analyses because it is 
not affected by the direction of error (negative or positive) 
and gives equal weight to all points. The Pearson correla-
tion coefficient (r) indicates the strength and direction of the 
linear relationship between two variables. This coefficient 
produces a value between −1 and 1, where a value of 1 indi-
cates a perfect positive correlation, a value of − 1 indicates 
a perfect negative correlation, and a value of 0 means no 
linear relationship exists [242]. The correlation coefficient is 
one of the important tools for measuring the degree to which 
the model’s forecasting process matches statistical realities. 
Also, Explained Variance (EV) examines the dispersion of 
predicted data relative to the mean of actual values, as a 
measure of model quality. Table 19 defines the main criteria 

Table 19  Main criteria for predicting PSO-LSTM models in different 
applications [264]
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√

1
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n
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problem, the complexity of the data, and the available com-
putational resources. PSO-LSTM is a suitable choice for 
many applications due to its simplicity, speed, and accept-
able efficiency. However, in special problems or for data 
with complex structures, algorithms such as WOA-LSTM, 
GWO-LSTM, or HHO-LSTM may perform better. Also, 
combining or integrating several optimization algorithms 
leads to better and more stable results. Therefore, a care-
ful examination of the problem’s characteristics and needs, 
along with conducting comparative experiments, provides 
a good guide for choosing the appropriate algorithm. In 
Table 20, a comparison is made between the PSO-LSTM 
and other models. This comparison has been prepared based 
on the review of 238 papers.

5.4  Applied and Industrial Concepts

PSO-LSTM models can provide more accurate predictions 
on complex and nonlinear data than traditional models. Using 
PSO to optimize the LSTM weights and parameters enables 

shows significant differences in performance, accuracy and 
convergence speed. The advantages of the PSO-LSTM are 
in the convergence speed and simplicity of implementation, 
which have led to faster optimal solutions in many prob-
lems. However, algorithms such as WOA and GWO often 
offer higher search diversity. The HHO, which is based on 
the hunting behavior of falcons, has been able to show excel-
lent performance in finding a balance between exploration 
and exploitation of the search space in some cases and has 
performed better than PSO in some applications. However, 
the complexity of the HHO and the need for more precise 
parameter tuning may limit its application in some projects. 
On the other hand, GA-LSTM, which uses a genetic algo-
rithm for optimization, provides good diversity in the search 
population by utilizing selection, crossover, and mutation 
operations and can avoid getting stuck in local optima, but it 
usually has a longer computational time than PSO and may 
be slower in convergence.

In general, the choice of the best algorithm for opti-
mizing LSTM parameters depends mainly on the type of 

Features PSO-LSTM WOA-
LSTM 
[241]

GWO-LSTM HHO-LSTM GA-
LSTM

Convergence speed [295] High Average Average Average Low
Ultimate accuracy of the 
model

Good Good Good Very good Good

Algorithm complexity Low Average Average High Average
Ease of implementation 
[300]

High Average Average Low Average

Ability to escape from local 
optima

Average High High High Very 
High

Need to adjust parameters. Low Average Average High Average
Global search capability Average High High High High
Computing resource 
consumption

Low Average Average High High

Ability to integrate with DL 
models

High High High High Average

Resistance of results [186] Good Average Good Average Low
Sensitivity to initial 
parameters

Low Average Average High Good

Suitable for big data [242] Good High Average Average Average
Search diversity Average Good High High Average
Ability to improve multiple 
parameters

Good Limited Good Good Very 
High

Widely applicable to vari-
ous problems

Very Extensive High Limited Limited Average

Noise-resistant Average High High High High
Ability to converge global 
optima [246]

Average Average High High High

Ability to explore the 
search space

High Average Average Average Average

Ability to exploit the search 
space

Low Average Average Average Low

Ability to automatically 
adjust parameters

High Good Average Very good Good

Table 20  A comparison between 
the PSO-LSTM model and other 
models
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6  Conclusion, Research Contributions, 
Practical Advantages, and Future Directions

In recent years, the integration of metaheuristic algorithms 
with deep learning structures has become one of the most 
active research areas in artificial intelligence. The PSO-
LSTM model, with its ability to model deep temporal depen-
dencies, has attracted the attention of many researchers. The 
theoretical implications of this study show that this com-
bination leads to an increase in the convergence speed and 
improves the prediction accuracy. The PSO-LSTM model 
provides a robust framework for the analysis of nonlinear 
and dynamic systems.

6.1  Research Contributions

The main goal of this article was to provide a structured and 
analytical review of scientific studies published between 
2019 and June 2025 on PSO-LSTM models. The findings 
indicate a rapid and significant growth trend in this field, 
particularly in 2023 and 2024, resulting in a peak in the 
number of published articles in 2024. This model is used 
as an advanced method for solving complex problems. A 
review of 238 papers published in eight internationally rec-
ognized scientific databases reveals that the application of 
this model is not limited to a specific field, but has also been 
utilized in 30 interdisciplinary fields characterized by high 
complexity. A statistical review of the articles shows that the 
most significant research focus has been on the design and 
optimization of engineering systems, with 40 papers dedi-
cated to this technical field.

6.2  Practical Advantages

In the analyses conducted, it was found that the PSO-LSTM 
model has been used in a wide range of problems, includ-
ing time series forecasting, energy resource management, 
and engineering systems. Combining PSO with LSTM in 
modeling deep temporal dependencies has led to increased 
prediction accuracy and reduced error in many scenarios. 
This shows that PSO-LSTM has found a reliable place in 
technical and industrial environments due to its features 
such as high accuracy for modeling complex dynamics and 
the ability to optimally adjust parameters.

6.3  Future Directions

Future research directions should focus on developing adap-
tive and intelligent approaches to improve the performance 
of PSO-LSTM models. Suggestions for future directions are 
as follows:

the model to learn complex patterns and unpredictable fluc-
tuations. One of the key considerations for data managers 
in the energy industry is the flexibility and adaptability of 
PSO-LSTM models in response to environmental changes 
and input data. Due to the LSTM structure, these models 
can identify long-term patterns and unpredictable fluc-
tuations in the data. Of course, appropriate preprocessing, 
including data cleaning, normalization, and missing value 
management, is essential to achieve optimal performance. 
Industrial implementation of PSO-LSTM requires expert 
teams to tune hyperparameters, monitor performance, and 
continuously update to prevent accuracy loss over time. As 
a result, managers must consider the operational and human 
resource requirements necessary to maintain the continuous 
performance of the model in their decisions, in addition to 
the benefits of higher accuracy.

For data managers in the stock market, PSO-LSTM 
models are powerful tools for predicting price trends, mar-
ket volatility, and asset behavior, as these models are able 
to identify complex, long-term patterns in financial data. 
Financial data often contains noise and unpredictable events 
that affect model performance, so careful preprocessing, 
incomplete data management, and continuous evaluation are 
of particular importance. From an operational perspective, 
implementing PSO-LSTM in trading environments requires 
powerful processing resources, adequate scheduling for 
model training, and expert teams for continuous optimiza-
tion and monitoring. At the strategic decision-making level, 
managers should consider these models as auxiliary tools 
to enhance human analysis and decision-making, not as a 
complete replacement.

5.5  Scientific Challenges and Limitations

Despite their strengths, PSO-LSTM models also face chal-
lenges and limitations. The most important of these include 
high complexity, high computational resource consump-
tion, sensitivity to initial parameter values, and the lack 
of standard frameworks for evaluating the performance of 
the models. In addition, the lack of quantitative analyses, 
the lack of sensitivity tests in most studies, and the limited 
in-depth evaluation of the robustness of the models under 
noisy or incomplete data conditions have also been identi-
fied as major weaknesses. Combining PSO with LSTM in 
some cases leads to performance degradation on real data, 
because PSO requires fine-tuning of parameters; this is 
especially evident when the training data is limited or noisy. 
As a result, finding a balance between prediction accuracy 
and generalizability is a key challenge.
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metaheuristic algorithm for global optimization problems. Com-
put Ind Eng 158(1):1–34

10.	 Abdollahzadeh B, Gharehchopogh FS, Mirjalili S (2021) Artifi-
cial gorilla troops optimizer: a new nature-inspired metaheuris-
tic algorithm for global optimization problems. Int J Intell Syst 
36(10):5887–5958

11.	 Abdollahzadeh B, Gharehchopogh FS, Khodadadi N, Mirjalili S 
(2022) Mountain gazelle optimizer: a new nature-inspired meta-
heuristic algorithm for global optimization problems. Adv Eng 
Softw 174:103282

12.	 Gharehchopogh FS, Gholizadeh H (2019) A comprehensive sur-
vey: Whale optimization algorithm and its applications. Swarm 
Evol Computation 48(1):1–24

13.	 Priyadarshi R, Kumar RR (2025) Evolution of swarm intelli-
gence: a systematic review of particle swarm and ant colony opti-
mization approaches in modern research. Arch Comput Methods 
Eng 32(6):3609–3650

14.	 Ballerini L (2025) Particle swarm optimization in 3D medical 
image registration: a systematic review. Arch Comput Methods 
Eng 32(1):311–318

15.	 Hafshejani MS, Mansouri N Enhancing stock market prediction 
with LSTM: a review of recent developments and comparative 
analysis. Arch Comput Methods Eng vol:2025

16.	 Kennedy J, Eberhart R (1995. 1942-1948) Particle swarm optimi-
zation. In Proceedings of ICNN’95 - International Conference on 
Neural Networks, vol 4

17.	 Khan RA, Yang S, Fahad S, Khan SU, Kalimullah (2021) A 
modified particle swarm optimization with a smart particle for 
inverse problems in electromagnetic devices. IEEE Access. 
9:99932–99943

18.	 Khan RA, Yang S, Khan S, Fahad S, Kalimullah (2021) A multi-
modal improved particle swarm optim for high dimension probl 
in electromagn devices. Energies.

19.	 Fahad S, Yang S, Khan RA, Khan S, Khan SA (2021) A mul-
timodal smart quantum particle swarm optimization for electro-
magnetic design optimization problems. Energies.

20.	 Ahmad W, Shahzad AR, Amin MA, Bangyal WH, Alahmadi TJ, 
Khan SH (2025) Machine learning driven dashboard for chronic 
myeloid leukemia prediction using protein sequences. PLoS One 
20(6):e0321761

21.	 Mirjalili S, Mirjalili SM, Lewis A (2014) Grey Wolf Optimizer. 
Adv Eng Softw 69(1):46–61

22.	 Cheng M-Y, Prayogo D (2014) Symbiotic organisms search: 
a new metaheuristic optimization algorithm. Comput Struct 
139(1):98–112

23.	 Gandomi AH (2014) Interior search algorithm (ISA): a novel 
approach for global optimization. ISA Trans 53(4):1168–1183

24.	 Ghaemi M, Feizi-Derakhshi M-R (2014) Forest optimization 
algorithm. Expert Syst With Appl 41(15):6676–6687

25.	 Mirjalili S (2015) Moth-flame optimization algorithm: a 
novel nature-inspired heuristic paradigm. Knowl-Based Syst 
89(1):228–249

26.	 Mirjalili S (2015) The ant lion optimizer. Adv Eng Softw 
83(1):80–98

27.	 Shareef H, Ibrahim AA, Mutlag AH (2015) Lightning search 
algorithm. Appl Soft Comput 36(1):315–333

28.	 Tang D, Dong S, Jiang Y, Li H, Huang Y (2015) ITGO: inva-
sive tumor growth optimization algorithm. Appl Soft Comput 
36(1):670–698

29.	 Mirjalili S, Lewis A (2016) The whale optimization algorithm. 
Adv Eng Softw 95(2):51–67

30.	 Mirjalili S (2016) SCA: a Sine Cosine algorithm for solving opti-
mization problems. Knowl-Based Syst 96(1):120–133

31.	 Mirjalili S (2016) Dragonfly algorithm: a new meta-heuristic 
optimization technique for solving single-objective, discrete, and 
multi-objective problems. Neural Comput Appl 27(4):1053–1073

1) Developing self-adaptive PSO-LSTM algorithms to 
reduce the dependence on initial settings and improve the 
stability of performance in real and dynamic environments. 
2) Combining PSO-LSTM with Reinforcement Learning to 
design models that learn and make decisions progressively 
in interactive and complex environments. 3) Using multi-
objective optimization frameworks to optimize accuracy, 
complexity, and execution time simultaneously. 4) Devel-
oping lightweight and low-cost computational models for 
implementation in edge devices and IoT-based systems. 5) 
Creating standardized and comparable benchmark databases 
to more accurately evaluate the performance of PSO-LSTM 
models in real-world scenarios. 6) Integrating Reinforce-
ment Learning (RL) with PSO-LSTM leads to increased 
accuracy [301]. RL dynamically adjusts the PSO param-
eters or LSTM structure during execution, and the model 
interacts with the learning environment in a self-adaptive 
manner. The extension of PSO-LSTM to IoT-based systems 
leads to increased energy efficiency and sustainability in 
Fog and Edge architectures [156].

Funding  This research did not receive any funding.

Data Availability  No datasets were generated or analysed during the 
current study.

Competing Interests  The authors declare no competing interests.

References

1.	 Ashraf A, Zhao Q, Bangyal WH, Raza M, Iqbal M (2025) Female 
autism categorization using CNN based NeuroNet57 and ant col-
ony optimization. Comput Biol Med 189:109926

2.	 Agbasi JC, Egbueri JC (2024) Prediction of potentially toxic ele-
ments in water resources using MLP-NN, RBF-NN, and ANFIS: a 
comprehensive review. Environ Sci Pollut R 31(21):30370–30398

3.	 Lecun Y, Bottou L, Bengio Y, Haffner P (1998) Gradient-
based learning applied to document recognition. Proc IEEE 
86(11):2278–2324

4.	 Hochreiter S, Schmidhuber J (1997) Long short-term memory. 
Neural Computation 9(8):1735–1780

5.	 Kanipriya M, Hemalatha C, Sridevi N, SriVidhya SR, Shabu SLJ 
(2022) An improved capuchin search algorithm optimized hybrid 
CNN-LSTM architecture for malignant lung nodule detection. 
Biomed Signal Process Control 78(1):105–128

6.	 Singh U, Saurabh K, Trehan N, Vyas R, Vyas OP (2024) GA-
LSTM: performance optimization of LSTM driven time series 
forecasting. Comput Econ 2024(1):1–37

7.	 Chahardoli M, Eraghi NO, Nazari S (2025) An energy consump-
tion prediction approach in smart cities by CNN-LSTM network 
improved with game theory and Namib beetle optimization 
(NBO) algorithm. J Sport Hist Of Supercomput 81(2):1–37

8.	 Djaballah S, Saidi L, Meftah K, Hechifa A, Bajaj M, Zaitsev I 
(2024) A hybrid LSTM random forest model with grey wolf opti-
mization for enhanced detection of multiple bearing faults. Sci 
Rep 14(1):23997

9.	 Abdollahzadeh B, Gharehchopogh FS, Mirjalili S (2021) Afri-
can vultures optimization algorithm: A new nature-inspired 

1 3



A Comprehensive Overview of PSO-LSTM Approaches: Applications, Analytical Insights, and Future…

solving engineering optimization problems. Eng Appl Artif Intel 
87(1):112–137

54.	 Kaveh A, Khanzadi M, Moghaddam MR (2020) Billiards-
inspired optimization algorithm; a new meta-heuristic method. 
Structures 27(1):1722–1739

55.	 Ghasemi-Marzbali A (2020) A novel nature-inspired meta-heuris-
tic algorithm for optimization: bear smell search algorithm. Soft 
Comput 24(17):13003–13035

56.	 Wang K, Yang T, Kong S, Li M (2025) Air quality index predic-
tion through TimeGAN data recovery and PSO-optimized VMD-
deep learning framework. Appl Soft Comput 170(1):1–32

57.	 Chen M, Xu P, Liu Z, Liu F, Zhang H, Miao S (2025) Air pol-
lution prediction based on optimized deep learning neural net-
works: PSO-LSTM. Atmos Pollut Res 16(3):456–493

58.	 Nguyen AT, Pham DH, Oo BL, Ahn Y, Lim BTH (2024) Pre-
dicting air quality index using attention hybrid deep learning 
and quantum-inspired particle swarm optimization. J Big Data 
11(1):102–128

59.	 Osman E, Banerjee C, Poonia AS (2024) HDLP: air quality mod-
eling with hybrid deep learning approaches and particle swam 
optimization. Innov Syst Softw Eng 20(3):287–299

60.	 Sarkar N, Keserwani PK, Govil MC (2024) A modified PSO 
based hybrid deep learning approach to predict AQI of urban 
metropolis. Urban Clim 58(1):1–35

61.	 Zaini NA, Ahmed AN, Ean LW, Chow MF, Malek MA (2023) 
Forecasting of fine particulate matter based on LSTM and opti-
mization algorithm. J Cleaner Prod 427:139233

62.	 Wei L, Diao Q, Sun Y, Li M, Liu H (2025) State of health estima-
tion based on PSO-SA-LSTM for fast-charge lithium-ion batter-
ies. Ionics 31(1):367–383

63.	 Li K, Chen X (2025) Machine learning-based lithium Battery 
State of health prediction research. Appl Sci 15(2):1–36

64.	 Huo W, Chang Y, Luo T, Lu B, Guo C, Li Y (2025) Integrating 
particle swarm optimization with convolutional and long short-
term memory neural networks for real vehicle data-based lithium-
ion battery health estimation. J Energy Storage 111(1):1–36

65.	 Nasimov R, Kumar D, Rizwan M, Panwar AK, Abdusalomov A, 
Cho Y-I (2024) A novel approach for state of health estimation 
of lithium-ion batteries based on improved PSO neural network 
Model. Processes 12(9):1–32

66.	 Yu Z, Liu N, Zhang Y, Qi L, Li R (2023) Battery SOH prediction 
based on multi-dimensional health indicators. Batteries 9(2):1–32

67.	 Chu S, Bao W (2025) Dynamic agricultural pest classification 
using enhanced SAO-CNN and Swarm intelligence optimization 
for UAVs. Int J Cognit Comput Eng 2025(1):256–287

68.	 Zhang L, Zhao D, Lim CP, Asadi H, Huang H, Yu Y, Gao R 
(2024) Video deepfake classification using particle swarm opti-
mization-based evolving ensemble models. Knowl-Based Syst 
289(1):42–65

69.	 Da TN, Thanh PN, Cho M-Y (2024) A cloud 15kV-HDPE insula-
tor leakage current classification based improved particle swarm 
optimization and LSTM-CNN deep learning approach. Swarm 
Evol Computation 91(1):1–35

70.	 Wang Y, Wang K, Zhang M, Gu T, Zhang H (2023) Reliability-
enhanced surrogate-assisted particle swarm optimization for 
feature selection and hyperparameter optimization in landslide 
displacement prediction. Complex Intell Syst 9(5):5417–5447

71.	 Petrovic A, Damaševičius R, Jovanovic L, Toskovic A, Simic V, 
Bacanin N, Zivkovic M, Spalević P (2023) Marine vessel classifi-
cation and multivariate trajectories forecasting using metaheuris-
tics-optimized eXtreme gradient boosting and recurrent neural 
networks. Appl Sci 13(16):1–28

72.	 Lin C-J, Sie T-Y (2025) Lower limb rehabilitation exoskeleton 
using brain-computer interface based on multiband filtering with 
classifier fusion. Asian J Control 27(1):144–168

32.	 Mirjalili S, Mirjalili SM, Hatamlou A (2016) Multi-verse opti-
mizer: a nature-inspired algorithm for global optimization. Neu-
ral Comput Appl 27(2):495–513

33.	 Askarzadeh A (2016) A novel metaheuristic method for solving 
constrained engineering optimization problems: crow search 
algorithm. Comput Struct 169(1):1–12

34.	 Kaveh A, Bakhshpoori T (2016) Water evaporation optimiza-
tion: a novel physically inspired optimization algorithm. Comput 
Struct 167(1):69–85

35.	 Muthiah-Nakarajan V, Noel MM (2016) Galactic swarm opti-
mization: a new global optimization metaheuristic inspired by 
galactic motion. Appl Soft Comput 38(1):771–787

36.	 Abedinpourshotorban H, Shamsuddin SM, Beheshti Z, Jawawi 
DNA (2016) Electromagnetic field optimization: a physics-
inspired metaheuristic optimization algorithm. Swarm Evol Com-
putation 26(2):8–22

37.	 Mirjalili S, Gandomi AH, Mirjalili SZ, Saremi S, Faris H, Mir-
jalili SM (2017) Salp swarm algorithm: a bio-inspired optimizer 
for engineering design problems. Adv Eng Softw 114(1):163–191

38.	 Saremi S, Mirjalili S, Lewis A (2017) Grasshopper optimisation 
algorithm: theory and application. Adv Eng Softw 105(1):30–47

39.	 Kaveh A, Dadras A (2017) A novel meta-heuristic optimiza-
tion algorithm: thermal exchange optimization. Adv Eng Softw 
110(2):69–84

40.	 Alqahtani MH, Shaheen AM (2024) Satin bowerbird algorithm 
with an adaptive constriction factor for enhanced photovoltaic 
integration in distribution feeders. Results Eng 23(1):1–35

41.	 Tabari A, Ahmad A (2017) A new optimization method: electro-
search algorithm. Comput Chem Eng 103(1):1–11

42.	 Heidari AA, Mirjalili S, Faris H, Aljarah I, Mafarja M, Chen H 
(2019) Harris hawks optimization: algorithm and applications. 
Future Gener Comput Syst 97(1):849–872

43.	 Hashim FA, Houssein EH, Mabrouk MS, Al-Atabany W, Mir-
jalili S (2019) Henry gas solubility optimization: a novel physics-
based algorithm. Future Gener Comput Syst 101(1):646–667

44.	 Shadravan S, Naji HR, Bardsiri VK (2019) The sailfish optimizer: 
a novel nature-inspired metaheuristic algorithm for solving con-
strained engineering optimization problems. Eng Appl Artif Intel 
80(1):20–34

45.	 Zhang Q, Wang R, Yang J, Lewis A, Chiclana F, Yang S 
(2019) Biology migration algorithm: a new nature-inspired 
heuristic methodology for global optimization. Soft Comput 
23(16):7333–7358

46.	 Li S, Chen H, Wang M, Heidari AA, Mirjalili S (2020) Slime 
mould algorithm: a new method for stochastic optimization. 
Future Gener Comput Syst 111(1):300–323

47.	 Faramarzi A, Heidarinejad M, Mirjalili S, Gandomi AH (2020) 
Marine predators algorithm: a nature-inspired metaheuristic. 
Expert Syst With Appl 152(1):1–36

48.	 Kaur S, Awasthi LK, Sangal AL, Dhiman G (2020) Tunicate 
swarm algorithm: a new bio-inspired based metaheuristic para-
digm for global optimization. Eng Appl Artif Intel 90(1):1–40

49.	 Zhao W, Zhang Z, Wang L (2020) Manta ray foraging optimiza-
tion: an effective bio-inspired optimizer for engineering applica-
tions. Eng Appl Artif Intel 87(1):1–27

50.	 Askari Q, Younas I, Saeed M (2020) Political optimizer: a novel 
socio-inspired meta-heuristic for global optimization. Knowl-
Based Syst 195(1):1–38

51.	 Zhao W, Wang L, Zhang Z (2020) Artificial ecosystem-based 
optimization: a novel nature-inspired meta-heuristic algorithm. 
Neural Comput Appl 32(13):9383–9425

52.	 Fathollahi-Fard AM, Hajiaghaei-Keshteli M, Tavakkoli-Moghad-
dam R (2020) Red deer algorithm (RDA): a new nature-inspired 
meta-heuristic. Soft Comput 24(19):14637–14665

53.	 Sulaiman MH, Mustaffa Z, Saari MM, Daniyal H (2020) Bar-
nacles mating optimizer: a new bio-inspired algorithm for 

1 3



M. Hosseinzadeh et al.

92.	 Cao Z, Han X, Lyons W, O’Rourke F (2021) Energy management 
optimisation using a combined long short-term memory recurrent 
neural network - particle swarm optimisation model. J Cleaner 
Prod 326(1):1–38

93.	 Yan X, Li Z, Yu T, Xia C (2025) Temporal and spatial prediction 
of column dust optical depth trend on mars based on deep learn-
ing. Remote Sens

94.	 Li B, Liao Y, Liu S, Liu C, Wu Z (2025) Research on short-term 
load forecasting of LSTM regional power grid based on multi-
source parameter coupling. Energies 18(3):1–34

95.	 Li Z, Qin K, Zhang Y, Yang P, Lou Y, Li M (2025) PSO-Optimized 
data-driven and mechanism hybrid Model to enhance prediction 
of industrial hydrocracking product yields under data constraints. 
Processes 13(4):1–36

96.	 Nguyen VH, Ahn KK (2025) Performance evaluation of beluga 
whale optimization-long short-term memory-random Forest net-
works for trajectory control and energy optimization in excavator 
systems. Mathematics 13(7):1–34

97.	 Dong M, Guan M, Wang K, Wu Y, Fu Y (2025) Machine learning-
based measurement and prediction of ground settlement induced 
by shield tunneling undercrossing existing tunnels in composite 
strata. Sensors 25(5):1–33

98.	 Xiong J, Zou C, Wan Y, Sun Y, Yu G (2025) Fuel consumption 
prediction for full flight phases toward sustainable aviation: a 
DMPSO-LSTM Model using quick access Recorder (QAR) data. 
Sustainability 1–35

99.	 Yan S, Luo B, Sun X, Xiao J, Ji Y, Ghazali KH (2025) Accurate 
Localization Method Combining Optimized Hybrid Neural Net-
works For Geomagnetic Localization With Multi-Feature Dead 
Reckoning. Sensors 1–32

100.	Yang J, Zhang X, Liu S, Yang X, Li S (2024) Rolling bearing 
residual useful life prediction Model based on the particle swarm 
optimization-optimized fusion of convolutional neural network 
and bidirectional long-short-term memory-multihead self-atten-
tion. Electronics 13(11):63–89

101.	Sun X, Su Y, Yang C, Tan J, Liu D (2024) Research on slope 
early warning and displacement prediction based on multifractal 
characterization. Fractal And Fract 8(9):1–36

102.	Lu J, Zhou Y, Ge Y, Liu J, Zhang C (2024) Research into predic-
tion method for pressure pulsations in a centrifugal Pump based 
on variational Mode decomposition-particle swarm optimization 
and hybrid deep learning models. Sensors 24(13):1–37

103.	Chen X, Cheng J, Zhou Z, Lu X, Ye B, Jiang Y (2024) Real-Time 
control of sintering moisture based on temporal fusion transform-
ers. Symmetry 16(6):652–667

104.	Saini P, Nagpal B (2024) PSO-CNN-Bi-LSTM: a hybrid optimi-
zation-enabled deep learning Model for smart farming. Environ 
Model Assess 29(3):517–534

105.	Yang T, Wen T, Huang X, Liu B, Shi H, Liu S, Peng X, Sheng G 
(2024) Predicting Model of dual-mode shield tunneling param-
eters in complex ground using recurrent neural networks and 
multiple optimization algorithms. Appl Sci 14(2):93–124

106.	Hao X, Yang C, Chen H, Dong J, Bao J, Wang H, Zhang W (2024) 
Optimization of the load command for a coal-fired power unit 
via particle swarm optimization-long short-term memory Model. 
Energies 17(11):1–28

107.	Moayyedian M, Qazani MRC, Amirkhizi PJ, Asadi H, Hedayati-
Dezfooli M (2024) Multiple objectives optimization of injec-
tion-moulding process for dashboard using soft computing and 
particle swarm optimization. Sci Rep 14(1):1–35

108.	Vaverková MD, Polak J, Kurcjusz M, Jena MK, Murali AP, 
Nair SS, Aktaş H, Hadinata ME, Ghezelayagh P, Andik SDS, 
Rahmana A, Franc-Dąbrowska J (2024) Enhancing sustainable 
development through interdisciplinary collaboration: insights 
from diverse fields. Sustain Dev 2024(1):201–229

73.	 Leka HL, Fengli Z, Kenea AT, Hundera NW, Tohye TG, Tegene 
AT (2023) PSO-Based ensemble meta-learning approach for 
cloud virtual machine resource usage prediction. Symmetry 
15(3):1–32

74.	 Bacanin N, Simic V, Zivkovic M, Alrasheedi M, Petrovic A Cloud 
computing load prediction by decomposition reinforced attention 
long short-term memory network optimized by modified particle 
swarm optimization algorithm. Ann Oper Res vol:2023

75.	 Markkandeyan S, Ananth AD, Rajakumaran M, Gokila RG, Ven-
katesan R, Lakshmi B (2025) Novel hybrid deep learning based 
cyber security threat detection model with optimization algo-
rithm. Cyber Secur Appl 3(1):1–37

76.	 Lin Z, Yanwen H, Jie X, Xiong F, Qiaomin L, Ruchuan W (2021) 
Trust evaluation Model based on PSO and LSTM for huge infor-
mation environments. Chin J Electron 30(1):92–101

77.	 Zhou Q, Ge Y, Zhou P, Ge H, Wang Y, Chen J, Mei D (2024) 
Short-term prediction of vertical deformation in tidal flat ter-
rains based on PSO-VMD-LSTM. IEEE Trans Instrum Meas 
73(1):1–14

78.	 Liu R, Zhang Q, Jiang F, Zhou J, He J, Mao Z (2024) Research on 
deformation prediction of VMD-GRU deep foundation pit based 
on PSO optimization parameters. Materials 17(10):72–93

79.	 Zhou X, He Y, Zhang W, Liu D (2024) Multifractal characteris-
tics and displacement prediction of deformation on tunnel portal 
slope of shallow buried tunnel adjacent to important structures. 
Buildings 14(6):1–32

80.	 Yang C, Huang R, Liu D, Qiu W, Zhang R, Tang Y (2024) Analy-
sis and warning prediction of tunnel deformation based on multi-
fractal theory. Fractal And Fract 8(2):1–37

81.	 He D, Chen S, Lin Y, Yan X, Liu G (2023) Hot deformation 
behavior of hastelloy C276 alloy: microstructural variation and 
constitutive models. Materials 16(18):1–36

82.	 Du B, Yi H, Yang F (2022) Deformation prediction and analysis 
of Soft Rock Roadway with high altitude and large buried depth 
based on particle swarm optimization LSTM Model. Mob Info 
Sys 2022(1):98–117

83.	 Yang X, Zhang L, X (2025) Han electric vehicle charging load 
forecasting method based on improved long short-term memory 
Model with particle swarm optimization. World Electric Vehicle J

84.	 Tripp-Barba C, Aguilar-Calderón JA, Urquiza-Aguiar L, 
Zaldívar-Colado A, Ramírez-Noriega A (2025) A systematic 
mapping study on state estimation techniques for lithium-ion bat-
teries in electric vehicles. World Electric Vehicle J 16(2):1–34

85.	 Gao L, Chai F (2023) Parameter optimization of model predictive 
direct motion control for distributed drive electric vehicles con-
sidering efficiency and the driving feeling. Sensors 23(14):1–36

86.	 Song B, Yue G, Guo D, Wu H, Sun Y, Li Y, Zhou B (2025) Predic-
tion of the remaining useful life of lithium-ion batteries based on 
mode decomposition and ED-LSTM. Batteries 11(3):1–33

87.	 Zhang L (2024) A comparative study on the monitoring of abnor-
mal power consumption behavior by different models. Int J Mul-
tiling High Speed Electron And Syst 34(1):1–32

88.	 Zhang D, Wang R, Fan Y, Chen X, Wang C (2025) Short-term 
metro power load prediction based on PSO-VMD-LightGBM-
LSTM. In The Proceedings of the 11th Frontier Academic Forum 
of Electrical Engineering (FAFEE2024), Singapore, 274–283

89.	 Nguyen V-H, Do TC, Ahn K-K (2024) Implementing PSO-
LSTM-GRU hybrid neural networks for enhanced control and 
energy efficiency of excavator cylinder displacement. Mathemat-
ics 12(20):1–34

90.	 Wang J, Li Z, Pan C (2024) Energy-efficient trajectory planning 
with curve splicing based on PSO-LSTM prediction. Control Eng 
Pract 150(1):1–26

91.	 Liu H, Wang L, Li J, Shao L, Zhang D (2023) Research on smart 
power sales strategy considering load forecasting and optimal 
allocation of energy storage system in China. Energies 16(8):1–30

1 3



A Comprehensive Overview of PSO-LSTM Approaches: Applications, Analytical Insights, and Future…

for current transformers under the influence of DC bias. Energies 
16(24):1–34

129.	Fu Y, Yang A, Yao Z, Liu Y, Li H, Chen H, Wang X (2022) Inver-
sion of rayleigh wave dispersion curves via long short-term mem-
ory combined with particle swarm optimization. Comput Intel 
Neurosci 2022(1):2640929

130.	Sun J, Meng X, Qiao J (2021) Prediction of oxygen content using 
weighted PCA and Improved LSTM network in MSWI process. 
IEEE Trans Instrum Meas 70:1–12

131.	Lu T, Fei C, Xuan L, Yu H, Xu D, Li X (2021) Intelligent mod-
eling and design of a novel temperature control system for a 
cantilever-based gas-sensitive material analyzer. IEEE Access. 
9:21132–21148

132.	Wang P, Zhao J, Gao Y, Sotelo MA, Li Z (2020) Lane work-
schedule of toll station based on queuing theory and PSO-LSTM 
Model. IEEE Access. 8(1):84434–84443

133.	Kilinc HC, Apak S, Ergin ME, Ozkan F, Katipoğlu OM, Yurtsever 
A (2025) Enhancing hydrological time series forecasting with a 
hybrid Bayesian-ConvLSTM model optimized by particle swarm 
optimization. Acta Geophys 2025(1):1–35

134.	Kilinc HC, Apak S, Ozkan F, Ergin ME, Yurtsever A (2024) 
Multimodal fusion of optimized GRU-LSTM with self-attention 
Layer for hydrological time series forecasting. Water Resour 
Manage 38(15):6045–6062

135.	Wu G, Zhang J, Xue H (2023) Long-term prediction of hydro-
meteorological time series using a PSO-Based combined Model 
composed of EEMD and LSTM. Sustainability 15(17):1–27

136.	Rajendran GB, Kumarasamy UM, Zarro C, Divakarachari PB, 
Ullo SL (2020) Land-use and land-cover classification using a 
human group-based particle swarm optimization algorithm with 
an LSTM Classifier on hybrid pre-processing remote-sensing 
images. Remote Sens 12(24):1–34

137.	Rajeev R, Samath JA, Karthikeyan NK (2019) An intelligent 
recurrent neural network with long short-term memory (LSTM) 
BASED batch normalization for medical image denoising. J Educ 
Chang Med Syst 43(8):1–28

138.	Song Z, Zhao P, Wu X, Yang R, Gao X (2025) An active control 
method for a lower limb rehabilitation robot with human motion 
intention recognition. Sensors 25(3):1–36

139.	Xiao W, Fu Z, Wang S, Chen X (2024) Joint torque prediction of 
industrial robots based on PSO-LSTM deep learning. Ind Robot: 
Int J Robot Res Appl 51(3):501–510

140.	Wu K, Lu Y, Huang R, Kuhlenkötter B, Li W (2024) A time-
series data-driven Method for milling force prediction of robotic 
machining. IEEE Trans Instrum Meas 73(1):1–12

141.	Chang Q, Yuan T, Li H, Chen Y, Wang X, Gao S, Ren H, Zhao 
X, Wang L (2024) A data-driven method for predicting and opti-
mizing industrial robot energy consumption under unknown load 
conditions. Actuators 13(12)

142.	Li THS, Kuo PH, Cheng CH, Hung CC, Luan PC, Chang CH 
(2021) Sequential sensor fusion-based real-time LSTM gait pat-
tern Controller for biped robot. IEEE Sensors J 21(2):2241–2255

143.	Dash PB, Behera HS, Senapati MR, Nayak J (2025) Velocity 
paused particle swarm optimization-based intelligent long short-
term memory framework for intrusion detection system in inter-
net of medical things. Arabian J Sci Eng 2025(1):1–38

144.	Narmadha S, Balaji NV (2025) Improved network anomaly 
detection system using optimized autoencoder − LSTM. Expert 
Syst With Appl 273(1):1–35

145.	Sarangi SK, Lenka R, Nanda A, Panda BS (2025) Development 
of MD-LSTM for malicious detection and hybrid coati and dol-
phin swarm optimization for QoS-aware multicast routing in 
MANET environment. Comput Electr Eng 123(1):1–35

109.	Dong Y, Wang W, Cao Y, Xie H (2025) Degradation prediction of 
PEMFC using long short-term memory network based on quan-
tum-behaved particle swarm optimization. Clean Energy Technol 
And Energy Storage Syst. Singapore 289–299

110.	Sun Y, Pan Y, Kawsar I, Wang G, Hou L (2024) Combined recur-
rent neural networks and particle-swarm optimization for side-
slip-angle estimation based on a vehicle multibody dynamics 
model. Multibody Syst Dyn 2024(1):1–35

111.	Hu Y, Wang B, Yang Y, Yang L (2024) A novel approach for pre-
dicting CO2 emissions in the building industry using a hybrid 
multi-strategy improved particle swarm optimization-long short-
term memory Model. Energies 17(17):1–34

112.	Wang Y, Li Z, Zhang N (2024) A hybrid soft sensor Model 
for measuring the oxygen content in Boiler flue gas. Sensors 
24(7):1–36

113.	Lian Y, Sun Z, Liu S, Nie Z (2024) A full transfer learning LSTM-
Based fractional order optimization Method of GM(r, 2) for infer-
ring driving intention. IEEE Trans Intell Transp Syst On Intell 
Transp Syst 25(9):10741–10753

114.	Chen Y, Shi G, Jiang H, Zheng T (2023) Research on the pre-
diction of insertion resistance of wheel Loader based on PSO-
LSTM. Appl Sci 13(3):1–29

115.	Xu X, Zhai X, Ke A, Lin Y, Zhang X, Xie Z, Lou Y (2023) Predic-
tion of leakage pressure in fractured carbonate reservoirs based 
on PSO-LSTM neural network. Processes 11(7):1–32

116.	Hong J, Tian W (2023) Prediction in catalytic cracking process 
based on swarm intelligence algorithm optimization of LSTM. 
Processes 11(5):1–32

117.	He Y, Li W, Dong Z, Zhang T, Shi Q, Wang L, Wu L, Qian S, 
Wang Z, Liu Z, Lei G (2023) Lithologic identification of com-
plex reservoir based on PSO-LSTM-FCN algorithm. Energies 
16(5):1–34

118.	Xia Z, Duan G, Xu T (2023) Hybrid prediction Model based on 
decomposed and synthesized COVID-19 cumulative confirmed 
data. ISPRS Int J Geo-Inf 12(6):1–28

119.	Cheng W, Mi B (2023) High-efficiency simulation of dynamic 
stability derivatives based on a particle swarm optimization and 
Long Short-term memory network (PSO-LSTM) coupling aero-
dynamic Model. Appl Sci 13(20):1–35

120.	Wang J, Yan Z, Pan T, Zhu Z, Song X, Yang D (2023) Drilling 
parameters multi-objective optimization method based on PSO-
Bi-LSTM. Appl Sci 13(21):1–28

121.	Lu Q, Li M (2023) Digital twin-driven remaining useful life pre-
diction for rolling element bearing. Machines 11(7):1–29

122.	Ahmed FR, Alsenany SA, Abdelaliem SMF, Deif MA (2023) 
Development of a hybrid LSTM with chimp optimization algo-
rithm for the pressure ventilator prediction. Sci Rep 13(1):20927

123.	Singh P, Jain A (2024) Context-aware civil unrest event pre-
diction using neutrosophic-aspect-based sentiment analysis, 
PSO, and hierarchical LSTM. IEEE Trans Comput Soc Syst 
11(3):3667–3677

124.	Zhou Y, Teng Z, Chi L, Liu X (2024) Buried pipeline collapse 
dynamic evolution processes and their settlement prediction 
based on PSO-LSTM. Appl Sci 14(1):1–26

125.	Yuan J, Han M, Wang H, Zhong B, Gao W, Yu D (2023) AUV 
collision avoidance planning method based on deep deterministic 
policy gradient. J Mar Sci Eng 11(12):1–30

126.	Cao Y, Bai H, Jin K, Zou G (2023) An GNSS/INS integrated 
navigation algorithm based on PSO-LSTM in satellite rejection. 
Electronics 12(13):1–32

127.	Cen H, Yu L, Pu Y, Li J, Liu Z, Cai Q, Liu S, Nie J, Ge J, Guo 
J, Yang S, Zhao H, Wang K (2023) A method to predict CO2 
Mass concentration in sheep barns based on the RF-PSO-LSTM 
Model. Animals 13(8):1–28

128.	Dang S, Xiao Y, Wang B, Zhang D, Zhang B, Hu S, Song H, 
Xu C, Cai Y (2023) A high-precision error calibration technique 

1 3



M. Hosseinzadeh et al.

164.	Yang L, Xie K, Wen C, He JB (2021) Speech emotion analysis 
of netizens based on bidirectional LSTM and PGCDBN. IEEE 
Access. 9:59860–59872

165.	Singh JP, Kumar A, Rana NP, Dwivedi YK (2022) Attention-
based LSTM network for rumor veracity estimation of tweets. Inf 
Syst Front 24(2):459–474

166.	Shafqat W, Byun Y-C (2019) Topic predictions and optimized 
recommendation mechanism based on integrated topic modeling 
and deep neural networks in crowdfunding platforms. Appl Sci 
9(24):1–30

167.	Jovanovic A, Jovanovic L, Zivkovic M, Bacanin N, Simic V, 
Pamucar D, Antonijevic M (2025) Particle swarm optimization 
tuned multi-headed long short-term memory networks approach 
for fuel prices forecasting. J Network Comput Appl 233(1):1–38

168.	Hu Q, Cheng Y, Zheng S, Zhao D, Li S, Sun Y, Zhang Y (2025) 
Coal mine methane gas concentration prediction based on PSO-
VMD-LSTM and Error quadratic decomposition. Min Metall 
Explor 42(2):647–663

169.	Zhang H, Wu W, Chen Z, Jing J (2024) Well logs reconstruc-
tion of petroleum energy exploration based on bidirectional long 
short-term memory networks with a PSO optimization algorithm. 
Geoenergy Sci Eng 239(1):1–37

170.	Chen D, Huang C, Wei M (2023) Shale gas production prediction 
based on PCA-PSO-LSTM combination Model. J Circuits Syst 
Comput 33(10):2450176

171.	Xie R, Fan Z, Hao X, Luo W, Li Y, Zhao Y, Han J (2024) Predic-
tion Model of corrosion rate for oil and gas pipelines based on 
knowledge graph and neural network. Processes 12(11):1–34

172.	Yang G, Zhu Q, Wang D, Feng Y, Chen X, Li Q (2024) Method 
and validation of coal mine gas concentration prediction by inte-
grating PSO algorithm and LSTM network. Processes 12(5):1–34

173.	Wang Q, Suo R, Han Q (2024) A study on natural gas consump-
tion forecasting in China using the LMDI-PSO-LSTM model: 
factor decomposition and scenario analysis. Energy 292(1):1–37

174.	Wang X, Yang P, Zhou X, Wang Z (2023) Crude oil price forecast-
ing: an ensemble-driven long short-term memory model based on 
CEEMDAN decomposition and ALS-PSO optimization. Energy 
Sci Eng 11(11):4054–4076

175.	Zhang H, Wei X, Ruicheng Z, H, Su (2022) Prediction of gas con-
sumption based on LSTM-BPNN hybrid model. Energy Sources 
Part A 44(4):10665–10680

176.	Jiao X, Song Y, Kong Y, Tang X (2022) Volatility forecasting 
for crude oil based on text information and deep learning PSO-
LSTM model. J Forecast 41(5):933–944

177.	Wang S, Zuo L, Li M, Wang Q, Xue X, Liu Q, Jiang S, Wang 
J, Duan X (2021) The data-driven modeling of pressure loss in 
Multi-batch refined oil pipelines with drag reducer using long 
short-term memory (LSTM) network. Energies 14(18):1–27

178.	Li Y, Duan J, Zhang P, Shao B, Wang L, Xu Y (2025) Short-term 
wind and photovoltaic power prediction based on optimized 
LSTM Model. In The Proceedings of 2024 International Confer-
ence of Electrical, Electronic and Networked Energy Systems. 
Singapore, pp 96–106

179.	Ge W, Wang X (2025) PSO-LSTM-Markov coupled photovoltaic 
power prediction based on sunny, cloudy and Rainy Weather. J 
Electr Eng Technol 20(2):935–945

180.	Liu Y, Zhang Z, Ma L, Jia Y, Yin W, Liu Z (2024) Short-term 
prediction of photovoltaic power based on DBSCAN-SVM data 
cleaning and PSO-LSTM Model. Energy Eng 121(10):3019–3035

181.	Zheng M, Bu Q, Yi W, Ye Z (2025) Short-term photovoltaic 
power prediction for microgrids based on FCM-QPSO-LSTM. 
Int J Multiling High Speed Electron And Syst vol:2540361

182.	Zhang H, Wu W, Song X (2024) Well logs reconstruction based 
on deep learning technology. Ieee Geosci Remote S 21(1):1–5

183.	Yau HT, Kuo PH, Lai PY, Jywe WY (2025) Thermal displacement 
prediction Model based on logistic Map bifurcation, Newton’s 

146.	Dash N, Chakravarty S, Rath AK, Giri NC, AboRas KM, 
Gowtham N (2025) An optimized LSTM-based deep learn-
ing model for anomaly network intrusion detection. Sci Rep 
15(1):104–136

147.	Phalaagae P, Zungeru AM, Yahya A, Sigweni B, Rajalakshmi S 
(2025) A hybrid CNN-LSTM Model with attention mechanism 
for improved intrusion detection in wireless IoT sensor networks. 
IEEE Access. 13(1):57322–57341

148.	Hariprasad B, Sridhar KP (2024) Integrating long short-term 
memory and particle swarm optimization for intrusion detection 
in 5G technologies. In Proceedings of the International Confer-
ence on Machine Learning, Deep Learning and Computational 
Intelligence for Wireless Communication. Cham, pp 125–137

149.	Kishore CR, Rao DC, Nayak J, Behera HS (2024) Improved 
particle swarm optimization based bidirectional-long short-term 
memory for intrusion detection system in internet of vehicle. Ara-
bian J Sci Eng 2024(1):1–32

150.	Cao K, Liu D, Tang Y, Zhang W, Jian Y, Chen S (2024) Failure 
node prediction study of in-service tunnel concrete for sulfate 
attack by PSO-LSTM based on Markov correction. Case Stud 
Construct Mater 20(1):117–132

151.	Donkol AAEB, Hafez AG, Hussein AI, Mabrook MM (2023) 
Optimization of intrusion detection using likely point PSO and 
Enhanced LSTM-RNN hybrid technique in communication net-
works. IEEE Access. 11:9469–9482

152.	Kim T-Y, Cho S-B (2021) Optimizing CNN-LSTM neural net-
works with PSO for anomalous query access control. Neurocom-
puting 456(2):666–677

153.	Alkahtani H, Aldhyani THH (2021) Intrusion detection system 
to advance internet of things infrastructure-based deep learning 
algorithms. Complexity 2021(1):1–28

154.	Elmasry W, Akbulut A, Zaim AH (2019) Empirical study on mul-
ticlass classification-based network intrusion detection. Comput 
Intell 35(4):919–954

155.	Mokrani S, Belkadi M, Sadoun T, Lloret J, Aoudjit R (2025) 
LEA-RPL: lightweight energy-aware RPL protocol for internet of 
things based on particle swarm optimization. Telecommun Syst 
88(1):1–25

156.	Pan S, Huang C, Fan J, Shi Z, Tong J, Wang H (2024) Optimiz-
ing internet of things fog computing: through Lyapunov-based 
long short-term memory particle swarm optimization algorithm 
for energy consumption optimization. Sensors 24(4):1–35

157.	Kumar N, Susan S (2025) Non-stationary fuzzy time series mod-
eling and forecasting using deep learning with swarm optimiza-
tion. Int J Mach Learn And Cybern 2025(1):1–33

158.	Kamakshi K, Rengaraj A (2024) Early detection of stress and 
anxiety based seizures in position data augmented EEG sig-
nal using hybrid deep learning algorithms. IEEE Access. 
12(1):35351–35365

159.	Khan K, Katarya R (2024) AFF-BPL: an adaptive feature fusion 
technique for the diagnosis of autism spectrum disorder using 
bat-PSO-LSTM based framework. J Comput Sci 83(1):1–34

160.	Jin YC, Cao Q, Wang KN, Zhou Y, Cao YP, Wang XY (2023) 
Prediction of COVID-19 data using improved ARIMA-LSTM 
hybrid forecast models. IEEE Access. 11:67956–67967

161.	Priyadarshini I (2023) Autism screening in toddlers and adults 
using deep learning and fair AI techniques. Future Internet 
15(9):1–32

162.	Bhonde SB, Wagh SK, Prasad JR (2023) Identification of cancer 
types from gene expressions using learning techniques. Comput 
Methods Biomech Biomed engin 26(16):1951–1965

163.	Wang W, Tong M, Yu M (2020) Blood glucose prediction with 
VMD and LSTM optimized by improved particle swarm optimi-
zation. IEEE Access. 8(1):217908–217916

1 3



A Comprehensive Overview of PSO-LSTM Approaches: Applications, Analytical Insights, and Future…

201.	Yang X, Maihemuti B, Simayi Z, Saydi M, Na L (2022) Predic-
tion of glacially derived runoff in the Muzati River watershed 
based on the PSO-LSTM Model. Water 14(13):1–35

202.	Wang X, Yanpeng W, Peixian Y, Ling W, D, Cheng (2021) An 
adaptive daily runoff forecast model using VMD-LSTM-PSO 
hybrid approach. Hydrol Sci J 66(9):1488–1502

203.	Hou L, Gao D, Wang S, Zhang W, Lin H, An Y (2025) Particle 
swarm optimization-long short-term memory-based dynamic pre-
diction Model of single-crystal furnace temperature and heating 
power. Crystals 15(2):1–36

204.	Li X, Wang X, Pei C (2025) Handling method for GPS outages 
based on PSO-LSTM and fading adaptive Kalman filtering. Sci 
Rep 15(1):11817

205.	Chen S, Xin M, Yang F, Zhang X, Liu J, Ren G, Kong S (2024) 
Error compensation method of GNSS/INS integrated navigation 
system based on AT-LSTM during GNSS outages. IEEE Sensors 
J 24(12):20188–20199

206.	Sahu G, Ray KC (2024) PSO optimized hybrid deep learning 
Model for detection and localization of myocardial infarction. 
IEEE Sensors J 24(5):6643–6654

207.	Oka H, Ono K, Panagiotis A (2024) Attention-based PSO-LSTM 
for emotion estimation using EEG. Sensors 24(24):1–37

208.	Chang Y, Wang LAN, Li MIN, Liu M, Lin L, Cui BO, Liu Q 
(2023) RESEARCH ON GAIT RECOGNITION OF SURFACE 
EMG SIGNAL BASED ON MPSO-LSTM ALGORITHM. J 
Mech Med Biol 23(8):2340066

209.	Khafaga DS, Alhussan AA, El-Kenawy E-SM, Ibrahim A, Elkha-
lik SHA, El-Mashad SY, Abdelhamid AA (2022) Improved 
prediction of metamaterial antenna bandwidth using adaptive 
optimization of LSTM. Comput Mater Continua 73(1):865–881

210.	Tang G, Sheng J, Wang D, Men S (2021) Continuous estimation 
of human upper limb joint angles by using PSO-LSTM Model. 
IEEE Access. 9:17986–17997

211.	Tian HX, Ren DX, Li K (2019) A hybrid vibration signal pre-
diction Model using autocorrelation local characteristic-scale 
decomposition and improved long short term memory. IEEE 
Access. 7:60995–61007

212.	Pu L, Wang C (2025) Combined state-of-charge estimation 
method for lithium-ion batteries using long short-term memory 
network and Unscented Kalman Filter. Energies 18(5):1–35

213.	Xu H, Xu Q, Duanmu F, Shen J, Jin L, Gou B, Wu F, Zhang W 
(2025) State-of-charge estimation of lithium-ion batteries based 
on EKF integrated with PSO-LSTM for electric vehicles. IEEE 
Trans Transp Electrific 11(1):2311–2321

214.	Bobobee ED, Wang S, Takyi-Aninakwa P, Zou C, Appiah E, 
Hai N (2024) Improved particle swarm optimization-long short-
term memory model with temperature compensation ability for 
the accurate state of charge estimation of lithium-ion batteries. J 
Energy Storage 84:110871

215.	Zhang C, Xu X, Li Y, Huang J, Li C, Sun W (2023) Research on 
SOC estimation method for lithium-ion batteries based on neural 
network. World Electric Vehicle J 14(10):1–32

216.	Zhao Y, Li Y, Cao Y, Jiang L, Wan J, Rehtanz C (2023) An RNN 
with small sequence trained by Multi-level optimization for SOC 
estimation in Li-ion battery applications. IEEE Trans Veh Tech-
nol 72(9):11469–11481

217.	Tiwari D, Bhati BS, Nagpal B, Al-Rasheed A, Getahun M, Sou-
fiene BO (2025) A swarm-optimization based fusion model of 
sentiment analysis for cryptocurrency price prediction. Sci Rep 
15(1):1–28

218.	Parvini N, Ahmadian D, Ballestra LV (2024) Forecasting cryp-
tocurrency prices using support vector regression enhanced by 
particle swarm optimization. Comput Econ 2024(1):1–34

219.	Guo Y, Guo J, Sun B, Bai J, Chen Y (2022) A new decomposi-
tion ensemble model for stock price forecasting based on system 

method, and particle swarm optimization for computer numeri-
cal control three-axis milling machine tools. IEEE Trans Instrum 
Meas 74:1–14

184.	Wang H, Wang M, Liu Q, Yang Z, Xing L (2025) Prediction of 
ladle furnace refining endpoint temperature based on particle 
swarm optimization algorithm and long short-term memory neu-
ral network. JOM 77(1):282–293

185.	Liu M, Cheng X, Cao Y, Zhou Q (2025) Blueberry remaining 
shelf-life prediction based on the PSO-CNN-BiLSTM-MHA 
Model. IEEE Access. 13(1):43238–43248

186.	Priyadarshini I (2025) An explainable autoencoder-based feature 
extraction combined with CNN-LSTM-PSO Model for improved 
predictive maintenance. Comput Mater Continua 83(1):635–659

187.	Yin X, Rong Y, Li L, He W, Lv M, Sun S (2024) Health state 
prediction method based on multi-featured parameter information 
fusion. Appl Sci 14(15):1–35

188.	Liu Y, Liu J, Wang H, Yang M, Gao X, Li S (2024) A remaining 
useful life prediction method of mechanical equipment based on 
particle swarm optimization-convolutional neural network-bidi-
rectional long short-term memory. Machines 12(5):85–107

189.	Li X, Qin X, Wu J, Yang J, Huang Z (2022) Tool wear predic-
tion based on convolutional bidirectional LSTM model with 
improved particle swarm optimization. Int J Adv Manuf Technol 
123(11):4025–4039

190.	Bala A, Ismail I, Ibrahim R, Sait SM, Oliva D (2020) An 
improved grasshopper optimization algorithm based Echo State 
network for predicting faults in airplane engines. IEEE Access. 
8(1):159773–159789

191.	Raju VAG, Nayak J, Dash PB, Mishra M (2025) Short-term solar 
irradiance forecasting model based on hyper-parameter tuned 
LSTM via chaotic particle swarm optimization algorithm. Case 
Stud Therm Eng 69(1):1–33

192.	Truong VA, Dinh NS, Duong TL, Le NT, Truong CD, Nguyen LT 
(2025) Hybrid LSTM-PSO optimization techniques for enhanc-
ing wind power bidding efficiency in electricity markets. Ain 
Shams Eng J 16(2):103285

193.	Mbey CF, Junior FKV, Teplaira BA, FG, Souhe Y (2024) Solar 
photovoltaic generation and electrical demand forecasting using 
multi-objective deep learning model for smart grid systems. 
Cogent Eng 11(1):1–34

194.	Liu J, Li K, Xue W (2024) Photovoltaic solar power prediction 
using iPSO-based data clustering and AdaLSTM network. Ener-
gies 17(7):1–34

195.	Bikku T, Kavitha VO, Lanjewar CK, Choubey A (2025) Manage 
and optimization of renewable energy consumption efficiency for 
smart homes. Sustain Smart Homes And Build With Internet Of 
Things 77–95

196.	Jena R, Dash R, Reddy KJ, Parida PK, Dhanamjayulu C, Swain 
SC, Muyeen SM (2023) Enhancing efficiency of grid-connected 
solar photovoltaic system with particle swarm optimization 
& long short-term memory hybrid technique. Sustainability 
15(11):1–30

197.	Sun Y, Lin K, Wang J, Zhu F, Wang L, Lu L (2025) Risk assess-
ment of mountain tunnel entrance collapse based on PSO-LSTM 
surface settlement prediction. Eng Construct Architect Manag 
2025(1):1–32

198.	Wang L, Zheng J, Yao J, Chen Y (2024) A multi-stage integrated 
model based on deep neural network for credit risk assessment 
with unbalanced data. Kybernetes 2024(1):1–36

199.	Chen X, Long Z (2023) E-Commerce enterprises financial risk 
prediction based on FA-PSO-LSTM neural network deep learn-
ing Model. Sustainability 15(7):1–28

200.	Xu Y, Hu C, Wu Q, Jian S, Li Z, Chen Y, Zhang G, Zhang Z, 
Wang S (2022) Research on particle swarm optimization in 
LSTM neural networks for rainfall-runoff simulation. J Hydrol: 
Reg Stud 608:127553

1 3



M. Hosseinzadeh et al.

incinerators based on data-driven model and improved particle 
swarm optimization. Energy 306(1):1–37

239.	Wu Z, Cui N, Zhang W, Liu C, Jin X, Gong D, Xing L, Zhao L, 
Wen S, Yang Y (2024) Estimating soil moisture content in citrus 
orchards using multi-temporal sentinel-1A data-based LSTM and 
PSO-LSTM models. J Hydrol: Reg Stud 637(1):1–35

240.	Alba EL, Oliveira GA, Ribeiro MH, Rodrigues ÉO (2024) Elec-
tricity consumption forecasting: an approach using cooperative 
ensemble learning with SHapley additive exPlanations. Forecast-
ing 6(3):839–863

241.	Huang M, Tang Y, Tan Z, Ren J, He Y, Huang H (2024) Detec-
tion of black tea fermentation quality based on optimized deep 
neural network and hyperspectral imaging. Infrared Phys Technol 
143(1):1–36

242.	Cui X, Zhu J, Jia L, Wang J, Wu Y (2024) A novel heat load pre-
diction model of district heating system based on hybrid whale 
optimization algorithm (WOA) and CNN-LSTM with attention 
mechanism. Energy 312(1):1–35

243.	Zou S, Zhang J (2024) A carbon price ensemble prediction model 
based on secondary decomposition strategies and bidirectional 
long short-term memory neural network by an improved particle 
swarm optimization. Energy Sci Eng 12(6):2568–2590

244.	Wang J, Qiang X, Ren Z, Wang H, Wang Y, Wang S (2023) 
Time-series well performance prediction based on convolutional 
and long short-term memory neural network model. Energies 
16(1):1–32

245.	Zhao L, Jin H, Zou X, Liu X (2023) Short-Term passenger 
flow forecasting for rail Transit considering chaos theory and 
improved EMD-PSO-LSTM-combined optimization. J Adv 
Transp 2023(1):9524966

246.	Mahjoub S, Labdai S, Chrifi-Alaoui L, Marhic B, Delahoche L 
(2023) Short-term occupancy forecasting for a smart home using 
optimized weight updates based on GA and PSO algorithms for 
an LSTM network. Energies 16(4):1–26

247.	Kiruthiga D, Manikandan V (2023) Levy flight-particle 
swarm optimization-assisted BiLSTM + dropout deep learn-
ing model for short-term load forecasting. Neural Comput Appl 
35(3):2679–2700

248.	Dong S, Zhang Y, Zhou X (2023) Intelligent hybrid modeling of 
complex leaching system based on LSTM neural network. Sys-
tems 11(2):1–28

249.	Cai Z, Feng G, Wang Q (2023) Based on the improved PSO-
TPA-LSTM Model chaotic Time series prediction. Atmosphere 
14(11):1–32

250.	Zhou Z, Tang W, Li M, Cao W, Yuan Z (2023) A novel hybrid 
intelligent SOPDEL Model with comprehensive data prepro-
cessing for long-time-series climate prediction. Remote Sens 
15(7):1–28

251.	Zhang Y (2022) Short-term power load forecasting based on 
SAPSO-CNN-LSTM Model considering autocorrelated errors. 
Math Probl Eng 2022(1):2871889

252.	Lai Y-W, Wang Y (2023) Short-term passenger flow prediction 
for rail transit based on improved particle swarm optimization 
algorithm. IET Intel Transp Syst 17(4):825–834

253.	Pranolo A, Mao Y, Wibawa AP, Utama ABP, Dwiyanto FA 
(2022) Robust LSTM with tuned-PSO and Bifold-attention 
mechanism for analyzing multivariate time-series. IEEE Access. 
10(1):78423–78434

254.	Huo F, Chen Y, Ren W, Dong H, Yu T, Zhang J (2022) Prediction 
of reservoir key parameters in ‘sweet spot’ on the basis of par-
ticle swarm optimization to TCN-LSTM network. J Pet Sci Eng 
214(1):542–557

255.	Shang C, Gao J, Liu H, Liu F (2021) Short-term load forecast-
ing based on PSO-KFCM daily load curve clustering and CNN-
LSTM Model. IEEE Access. 9:50344–50357

clustering and particle swarm optimization. Appl Soft Comput 
130(1):1–38

220.	Zhao Y, Yang G (2023) Deep learning-based integrated frame-
work for stock price movement prediction. Appl Soft Comput 
133:109921

221.	Hao T, Gang S, H, Du (2023) APSO-TA-LSTM: a long and short 
term memory model combining time attention and adaptive par-
ticle swarm optimization for stock forecasting. Int J Gen Syst 
52(7):876–893

222.	Cansu T, Kolemen E, Karahasan Ö, Bas E, Egrioglu E (2023) 
A new training algorithm for long short-term memory artificial 
neural network based on particle swarm optimization. Granular 
Comput 8(6):1645–1658

223.	Hameed AAS, Ravi C (2022) Bitcoin price prediction using 
optimized multiplicative long short term memory with attention 
mechanism using modified cuckoo search optimization. Concur-
rency Comput Pract Exper 34(28):e7384

224.	Kumar G, Singh UP, Jain S (2022) An adaptive particle swarm opti-
mization-based hybrid long short-term memory model for stock 
price time series forecasting. Soft Comput 26(22):12115–12135

225.	Chen J, Yang H, Wu C-H (2022) A CSI 300 index prediction 
Model based on PSO-SVR-GRNN hybrid method. Mob Inf Syst 
2022(1):1–28

226.	Kumar K, Haider MTU (2021) Enhanced prediction of Intra-day 
stock market using metaheuristic optimization on RNN-LSTM 
network. New Gener Comput 39(1):231–272

227.	Ji Y, Liew AWC, Yang L (2021) A novel improved particle swarm 
optimization with long-short term memory hybrid Model for 
stock indices forecast. IEEE Access. 9:23660–23671

228.	Shao B, Li M, Zhao Y, Bian G (2019) Nickel price forecast based 
on the LSTM neural network optimized by the improved PSO 
algorithm. Math Probl Eng 2019(1):1–30

229.	Wu C, Xiaofeng L, Chongke W, X, Hei (2025) Prediction of track 
irregularities in high-speed railways based on CEEMDAN-IPSO-
LSTM Model. IETE J Res 2025(1):1–11

230.	Guo M, Lu T, Chen S, Song X, Liu D, Wu X (2025) Orbital predic-
tion accuracy improvement method based on particle swarm opti-
mization RBF neural network. Adv Space Res 75(11):8105–8121

231.	Kim Y-H, Ham S-J, Ri C-S, Kim W-H, Ri W-S (2025) Appli-
cation of empirical wavelet transform, particle swarm optimiza-
tion, gravitational search algorithm and long short-term memory 
neural network to copper price forecasting. Portuguese Econ J 
24(1):151–169

232.	Nguyen T-P, Cho M-Y (2025) A cloud-based leakage current clas-
sified system for high voltage insulators with improved particle 
swarm optimization and hybrid deep learning technique. Eng 
Appl Artif Intel 143(1):1–37

233.	Ferdosian M, Abdi H, Karimi S, Kharrati S (2024) Short-term 
load and spinning reserve prediction based on LSTM and ANFIS 
with PSO algorithm. J Eng 2024(3):1–36

234.	Dai L (2024) Performance analysis of deep learning-based elec-
tric load forecasting model with particle swarm optimization. 
Heliyon 10(16):e35273

235.	Xu J, Bo L (2025) Optimizing supply chain resilience using 
advanced analytics and computational intelligence techniques. 
IEEE Access. 13(1):18063–18078

236.	Sharma M, Bhatia A, Akhil AKD, Alsubai S (2025) Optimizing 
hybrid deep learning models for drug-target interaction predic-
tion: a comparative analysis of evolutionary algorithms. Expert 
Syst 42(2):1–38

237.	Tu S, Qin P, Zhu M, Zeng Z, Cheng S, Ye B (2024) Multi-step 
multidimensional statistical arbitrage prediction using PSO deep-
ConvLSTM: an enhanced approach for forecasting price spreads. 
Appl Sci 14(9):82–115

238.	Li Z, Yao S, Chen D, Li L, Lu Z, Liu W, Yu Z (2024) Multi-
parameter co-optimization for NOx emissions control from waste 

1 3



A Comprehensive Overview of PSO-LSTM Approaches: Applications, Analytical Insights, and Future…

275.	Haznedar B, Kilinc HC, Ozkan F, Yurtsever A (2023) Streamflow 
forecasting using a hybrid LSTM-PSO approach: the case of Sey-
han Basin. Nat Hazard 117(1):681–701

276.	Ruma JF, Adnan MSG, Dewan A, Rahman RM (2023) Particle 
swarm optimization based LSTM networks for water level fore-
casting: a case study on Bangladesh river network. Results Eng 
17:100951

277.	Huang M, Hu BQ, Jiang H, Fang BW (2023) A water quality 
prediction method based on k-nearest-neighbor probability rough 
sets and PSO-LSTM. Appl Intell 53(24):31106–31128

278.	Huan S (2023) A novel interval decomposition correlation par-
ticle swarm optimization-extreme learning machine model for 
short-term and long-term water quality prediction. J Hydrol: Reg 
Stud 625:130034

279.	Du B, Huang S, Guo J, Tang H, Wang L, Zhou S (2022) Inter-
val forecasting for urban water demand using PSO optimized 
KDE distribution and LSTM neural networks. Appl Soft Comput 
122(1):326–338

280.	Liu X, Shi Q, Liu Z, Yuan J (2021) Using LSTM neural network 
based on improved PSO and Attention mechanism for predicting 
the effluent COD in a wastewater treatment plant. IEEE Access. 
9(1):146082–146096

281.	Yan J, Chen X, Yu Y, Zhang X (2019) Application of a parallel 
particle swarm optimization-long short term memory Model to 
improve water quality data. Water 11(7):1–28

282.	Du J, Chen S, Pan L, Liu Y (2025) A wind speed prediction 
method based on signal decomposition technology deep learning 
Model. Energies 18(5):1–37

283.	Huo X, Su H, Yang P, Jia C, Liu Y, Wang J, Zhang H, Li J (2024) 
Research of short-term wind power generation forecasting based 
on mRMR-PSO-LSTM algorithm. Electronics 13(13):1–28

284.	Zhao Y, Li L, Guo Y, Shi B, Sun H (2024) Short-term wind power 
prediction based on combined long short-term memory. IET 
Gener Transm Distrib 18(5):931–940

285.	Yang S, Yang H, Li N, Ding Z (2023) Short-term prediction of 
80–88 km wind speed in near space based on VMD-PSO-LSTM. 
Atmosphere 14(2):1–30

286.	Huang C-M, Chen S-J, Yang S-P, Chen H-J (2023) One-day-
ahead hourly wind power forecasting using optimized ensemble 
prediction methods. Energies 16(6):1–34

287.	Hong YY, Santos JBD (2023) Day-ahead spatiotemporal wind 
speed forecasting based on a hybrid Model of quantum and resid-
ual long short-term memory optimized by particle swarm algo-
rithm. IEEE Syst J 17(4):6081–6092

288.	Xing F, Song X, Wang Y, Qin C (2023) A new combined predic-
tion Model for ultra-short-term wind power based on variational 
mode decomposition and gradient boosting regression tree. Sus-
tainability 15(14):1–33

289.	Al-Shaikhi A, Nuha H, Mohandes M, Rehman S, Adrian M 
(2022) Vertical wind speed extrapolation model using long short-
term memory and particle swarm optimization. Energy Sci Eng 
10(12):4580–4594

290.	Bian J, Wang L, Scherer R, Woźniak M, Zhang P, Wei W (2021) 
Abnormal detection of electricity consumption of user based on 
particle swarm optimization and long short term memory with the 
attention mechanism. IEEE Access. 9:47252–47265

291.	Li Y, Chen X, Li C, Tang G, Gan Z, An X (2021) A hybrid deep 
interval prediction Model for wind speed forecasting. IEEE 
Access. 9(2):7323–7335

292.	Zhang Y, Gao S, Han J, Ban M (2019) Wind speed prediction 
research considering wind speed ramp and residual distribution. 
IEEE Access. 7(1):131873–131887

293.	Sun Y, Wang P, Zhai S, Hou D, Wang S, Zhou Y (2020) Ultra 
short-term probability prediction of wind power based on 
LSTM network and condition normal distribution. Wind Energy 
23(1):63–76

256.	Gundu V, Simon SP (2021) PSO-LSTM for short term forecast 
of heterogeneous time series electricity price signals. J Ambient 
Intel Humanized Comput 12(2):2375–2385

257.	Wang J, Cao J, Yuan S (2020) Shear wave velocity prediction 
based on adaptive particle swarm optimization optimized recur-
rent neural network. J Pet Sci Eng 194(1):1–34

258.	Liu D, Sun Y, Li B, Xiangying X, Yudong L (2020) Differentiated 
incentive strategy for demand response in electric market con-
sidering the difference in user response flexibility. IEEE Access. 
8(2):17080–17092

259.	Kaloop MR, Kumar D, Zarzoura F, Roy B, Hu JW (2020) A 
wavelet - particle swarm optimization - extreme learning machine 
hybrid modeling for significant wave height prediction. Ocean 
Eng 213(1):1–34

260.	Hu Y, Sun X, Nie X, Li Y, Liu L (2019) An enhanced LSTM for 
trend following of Time series. IEEE Access. 7(1):34020–34030

261.	Li Z, Li Z, Pan C, Wang J (2024) Short-term traffic flow pre-
diction based on spatial-temporal attention time gated convo-
lutional network with particle swarm optimization. Appl Intell 
55(3):96–120

262.	Naheliya B, Redhu P, Kumar K (2025) Deep Bi-LSTM neural 
network with chaotic particle swarm optimization technique for 
short-term traffic speed prediction. In Proceedings of the 7th 
International Conference of Transportation Research Group of 
India (CTRG 2023), vol 3. Singapore. 171–191

263.	Do VM, Tran QH, Le KG, Vuong XC, Vu VT (2024) Enhanced 
deep neural networks for traffic speed forecasting regarding sus-
tainable traffic management using probe data from registered 
transport vehicles on multilane roads. Sustainability 16(6):1–34

264.	Bharti PR, Kumar K (2023) Short-term traffic flow prediction 
based on optimized deep learning neural network: PSO-Bi-
LSTM. Physica A 625:129001

265.	Shao B, Song D, Bian G, Zhao Y (2022) A hybrid approach by 
CEEMDAN-Improved PSO-LSTM Model for network traffic 
prediction. Secur Commun Networks 2022(1):1–36

266.	Mao Y, Guojin Q, Pingan N, Q, Liu (2022) Analysis of road traf-
fic speed in Kunming plateau mountains: a fusion PSO-LSTM 
algorithm. Int J Urban Sci 26(1):87–107

267.	Cong W, Xu F, Yu F, Chen X, Lin Y (2025) The Method of aircraft 
Strapdown inertial navigation calibration based on PSO-LSTM 
network. In: Advances in guidance, navigation and control. Sin-
gapore, pp 517–528

268.	Zou Z, Yang S, Zhao L (2024) Dual-loop control and state pre-
diction analysis of QUAV trajectory tracking based on biological 
swarm intelligent optimization algorithm. Sci Rep 14(1):1–35

269.	Thakur S, Karmakar S (2025) A comparative analysis of ANN, 
LSTM and Hybrid PSO-LSTM algorithms for groundwater level 
prediction. Trans Indian Natl Acad Eng 10(1):101–108

270.	Gao L, Ha D, Ma L, Chen J (2024) The prediction model of water 
level in front of the check gate of the LSTM neural network based 
on AIW-CLPSO. J Comb Optim 47(2):1–22

271.	Zoremsanga C, Hussain J (2024) Particle swarm optimized deep 
learning models for rainfall prediction: a case study in Aizawl, 
Mizoram. IEEE Access. 12(1):57172–57184

272.	Zoremsanga C, Hussain J (2024) Hybrid particle swarm opti-
mized models for rainfall prediction: a case study in India. Pure 
Appl Geophys 181(7):2343–2357

273.	Zhu Y (2024) Application of a QPSO-optimized CNN-LSTM 
model in water quality prediction. Discover Water 4(1):1–33

274.	Yang J, Cong Q, Yang S, Song J (2023) Wastewater quality 
prediction Model based on DBN-LSTM via improved particle 
swarm optimization algorithm. In 7th International Conference 
on Computing, Control and Industrial Engineering (CCIE 2023), 
Singapore, 979–989

1 3



M. Hosseinzadeh et al.

300.	Bouakline O, Merabet YE, Elidrissi A, Khomsi K, Leghrib R 
(2024) A hybrid deep learning model-based LSTM and modi-
fied genetic algorithm for air quality applications. Environ Monit 
Assess 196(12):1264

301.	Platero-Horcajadas M, Pardo-Pina S, Cámara-Zapata J-M, 
Brenes-Carranza J-A, F-J (2024) Ferrández-Pastor enhancing 
greenhouse efficiency: integrating IoT and Reinforcement learn-
ing for optimized climate control. Sensors

Publisher’s Note  Springer Nature remains neutral with regard to juris-
dictional claims in published maps and institutional affiliations.

Springer Nature or its licensor (e.g. a society or other partner) holds 
exclusive rights to this article under a publishing agreement with the 
author(s) or other rightsholder(s); author self-archiving of the accepted 
manuscript version of this article is solely governed by the terms of 
such publishing agreement and applicable law.

294.	Ahmad Z, Bangyal W-H, Nisar K, Haque M-R, Khan M-A (2022) 
Comparative analysis using machine learning techniques for fine 
grain sentiments. J Artif Intel 4(1):49–60

295.	Zhang L, Zhu Y, Banda OAV, Du L, Gan L, Li X (2024) Navi-
gational risk assessment of inland waters based on bi-directional 
PSO-LSTM algorithm and ship maneuvering characteristics. 
Ocean Eng 310:118628

296.	Khan RA, Yang S, Fahad S, Khan S, Khan JA (2021) A modified 
particle swarm optimization for the applications of electromag-
netic devices. In 2021 2nd International Conference on Electron-
ics, Communications and Information Technology (CECIT), pp 
91–96

297.	Fahad S, Yang S, Khan SU, Khan SA, Khan RA (2022) A 
Hybrid Smart Quantum Particle Swarm Optimization for Mul-
timodal Electromagnetic Design Problems. IEEE Access. 
10:72339–72347

298.	Bangyal WH, Ahmad J, Rauf HT (2020) An overview of mutation 
strategies in particle swarm optimization. Int J Appl Metaheuris-
tic Comput 11(4):16–37

299.	Cunha L, Zhang L, Sowan B, Lim CP, Kong Y (2024) Video 
deepfake detection using particle swarm optimization improved 
deep neural networks. Neural Comput Appl 36(15):8417–8453

Authors and Affiliations

Mehdi Hosseinzadeh1,2,3 · Jawad Tanveer4 · Amir Masoud Rahmani5 · Farhad Soleimanian Gharehchopogh6 · 
Norfadzlia Mohd Yusof7 · Parisa Khoshvaght8,9 · Zhe Liu10,11 · Thantrira Porntaveetus12 · Sang-Woong Lee13

	
 Thantrira Porntaveetus
thantrira.p@chula.ac.th

	
 Sang-Woong Lee
slee@gachon.ac.kr

Mehdi Hosseinzadeh
mehdihosseinzadeh@duytan.edu.vn

Jawad Tanveer
Jawadtanveer@sejong.ac.kr

Amir Masoud Rahmani
rahmania@yuntech.edu.tw

Farhad Soleimanian Gharehchopogh
Farhad.soleimanian@iau.ac.ir

Norfadzlia Mohd Yusof
norfadzlia@utem.edu.my

Parisa Khoshvaght
parisakhoshvaght@duytan.edu.vn

1	 Institute of Research and Development, Duy Tan University, 
Da Nang, Vietnam

2	 Department of AI, School of Computer Science and 
Engineering, Galgotias University, Greater Noida, India

3	 School of Engineering & Technology, Duy Tan University, 
Da Nang, Vietnam

4	 Department of Computer Science and Engineering, Sejong 
University, Seoul 05006, Republic of Korea

5	 Future Technology Research Center, National Yunlin 
University of Science and Technology, Yunlin, Taiwan

6	 Department of Computer Engineering, Ur. C. Islamic Azad 
University, Urmia, Iran

7	 Center for Advanced Computing Technology (C-ACT), 
Fakulti Kecerdasan Buatan dan Keselamatan Siber (FAIX), 
Universiti Teknikal Malaysia Melaka, Melaka, Malaysia

8	 Department of Biosciences, Saveetha School of Engineering, 
Saveetha Institute of Medical and Technical Sciences, 
Chennai 602105, India

9	 School of Computer Science, Duy Tan University, Da Nang, 
Vietnam

10	 College of Mathematics and Computer, Xinyu University, 
Xinyu 338004, China

11	 School of Computer Sciences, Universiti Sains Malaysia, 
Penang 11800, Malaysia

12	 Center of Excellence in Precision Medicine and Digital 
Health, Department of Physiology, Faculty of Dentistry, 
Chulalongkorn University, Bangkok 10330, Thailand

13	 Pattern Recognition and Machine Learning Lab, School of 
Computing, Gachon University, Seongnam  
13120, Republic of Korea

1 3


	﻿A Comprehensive Overview of PSO-LSTM Approaches: Applications, Analytical Insights, and Future Opportunities
	﻿Abstract
	﻿1﻿ ﻿Introduction
	﻿1.1﻿ ﻿Motivation
	﻿1.2﻿ ﻿Contributions

	﻿﻿2﻿ ﻿Search Methodology
	﻿﻿3﻿ ﻿Basic Concepts
	﻿3.1﻿ ﻿Particle Swarm Optimization
	﻿3.2﻿ ﻿Long Short-Term Memory
	﻿3.3﻿ ﻿Reasons for Combining PSO with LSTM

	﻿﻿4﻿ ﻿Applications
	﻿4.1﻿ ﻿Air Pollution Prediction
	﻿4.2﻿ ﻿Battery SOH Prediction
	﻿4.3﻿ ﻿Classification
	﻿4.4﻿ ﻿Cloud Computing
	﻿4.5﻿ ﻿Cybersecurity
	﻿4.6﻿ ﻿Deformation Prediction
	﻿4.7﻿ ﻿Electric Vehicles
	﻿4.8﻿ ﻿Energy Management and Analysis
	﻿4.9﻿ ﻿Engineering System Design
	﻿4.10﻿ ﻿Hydrological Time Series
	﻿4.11﻿ ﻿Image Processing
	﻿4.12﻿ ﻿Industrial Robot
	﻿4.13﻿ ﻿Intrusion Detection
	﻿4.14﻿ ﻿Internet of Things
	﻿4.15﻿ ﻿Medical Industry
	﻿4.16﻿ ﻿Natural Language Processing (NLP)
	﻿4.17﻿ ﻿Oil and Gas Industry
	﻿4.18﻿ ﻿Photovoltaic Power Prediction
	﻿4.19﻿ ﻿Predictive Maintenance
	﻿4.20﻿ ﻿Renewable Energy Optimization
	﻿4.21﻿ ﻿Risk Assessment
	﻿4.22﻿ ﻿Runoff Prediction
	﻿4.23﻿ ﻿Signal Processing
	﻿4.24﻿ ﻿SOC Estimation
	﻿4.25﻿ ﻿Stock Price Forecasting
	﻿4.26﻿ ﻿Time Series Forecasting
	﻿4.27﻿ ﻿Traffic Flow Management
	﻿4.28﻿ ﻿Unmanned Aerial Vehicles
	﻿4.29﻿ ﻿Water Resources Management
	﻿4.30﻿ ﻿Wind Speed Forecasting

	﻿﻿5﻿ ﻿Discussion
	﻿5.1﻿ ﻿PSO Enhancement
	﻿5.2﻿ ﻿Important Criteria for Pso-Lstm Evaluation
	﻿5.3﻿ ﻿Superiority of the Pso-Lstm
	﻿5.4﻿ ﻿Applied and Industrial Concepts
	﻿5.5﻿ ﻿Scientific Challenges and Limitations

	﻿﻿6﻿ ﻿Conclusion, Research Contributions, Practical Advantages, and Future Directions
	﻿6.1﻿ ﻿Research Contributions
	﻿6.2﻿ ﻿Practical Advantages
	﻿6.3﻿ ﻿Future Directions

	﻿References


