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 Long short-term memory (LSTM) has continued to develop since it was 

proposed in 1997. LSTM has optimized solutions to various problems. The 

LSTM cell, architecture, and memory model have been reviewed. A review 

of LSTM implementation has been carried out in various problem domains. 

There are combinations of LSTM with other methods to optimize solutions. 

However, there is no review on the development of LSTM combination 

(LC). This research reviews the development of the LC model on nine 

research questions, namely: development framework, data, preprocessing, 

learning process, tasks, optimization and evaluation, domain problems, 

trends, and challenges. The results show that the LC model is increasingly 

widespread in solving problems. The LC model has completed 26 types of 

tasks. Prediction, detection, forecasting, classification, and recognition are 

the most frequently performed tasks. LC model development trends show 

that LSTM is increasingly collaborative with other methods on a wider 

scope. The challenges identified include research areas, data, model 

developments, the area of implementation, performance, and efficiency. 
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1. INTRODUCTION 

Long short-term memory (LSTM) is a recurrent connection network architecture that enables 

updating the current state based on past states and current input data. LSTM is a new method to address the 

weakness of recurrent neural network (RNN). LSTM consists of memory, input gate, forget gate, and output 

gate. LSTMs can be stacked to create deep LSTM networks that can learn more complex sequential data. 

LSTM is capable of learning more than 1000 steps in advance [1]. 

Two reviews on LSTM architecture focus on LSTM cells and LSTM component. The LSTM cell 

review aims to explore the learning capacity in dealing with long-term dependency problems. This review 

has found that no LSTM variant outperforms in all aspects [2]. The LSTM component review found it can be 

applied to interesting tasks, including text recognition, time series forecasting, natural language processing, 

computer vision, text, images, and video. This review found that the combination of LSTM and a 

convolutional neural network (CNN) can improve system performance optimization [3]. 

Two reviews on LSTM application focus on stock market prediction and anomaly detection. The 

LSTM application in stock market prediction review shows that LSTM plays an important role in stock 

market forecasting. This review recommends that LSTM should be combined with other methods to improve 
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accuracy by considering external factors [4]. The LSTM application in anomaly detection review shows that 

different architectures are capable of detecting various complex anomalies contextually and collectively [5]. 

Both reviews above only discuss the LSTM cell architecture itself and have not discussed the 

combination architecture of LSTM with other methods. They only discuss the implementation of LSTM in a 

limited scope, even though LSTM has been implemented in a wide range of areas. This research will review 

the development of LSTM combinations (LC) in various areas and architectures. It will be conducted in the 

form of a systematic literature review (SLR) to ensure a more detailed and focused analysis. To achieve the 

main objectives, the following nine research questions were defined: i) RQ1: what is the LC model 

development framework?; ii) RQ2: how is the data used in LC model development?; iii) RQ3: how is 

preprocessing used in LC model development?; iv) RQ4: what is the learning process in LC model 

development?; v) RQ5: how to optimize and evaluate LC model development?; vi) RQ6: what tasks does LC 

model development perform?; vii) RQ7: what problems does the development of the LC model solve?;  

viii) RQ8: what is the recent trend in the development of LC models?; and ix) RQ9: what are the recent 

challenges in LC model development? 
 
 

2. METHOD 

This research has seven steps, namely formulating the problem, searching the literature, screening for 

inclusion, assessing quality, extracting data, analyzing, and synthesizing data as shown in Figure 1 [6], [7]. 

Text classification is used as the analysis technique [8]. Papers were obtained through a search process on 

several online academic search engines, such as Scopus, ScienceDirect, IEEE Xplore, SpringerLink, Emerald, 

and ProQuest, using the keywords "LSTM" with a filter for 2023, and the field of computer science. 

The inclusion criteria used in this research include papers discussing the development of LC, papers 

containing a framework for developing LC to solve research problems in a particular domain, papers 

explaining the tasks carried out by LC, and papers explaining data and performance. Meanwhile, the 

exclusion criteria used in this research are papers containing the words "LSTM" or "Long short-term 

memory" in the title. The paper is a publication of research or experimental results. The stages of selecting 

papers based on inclusion and exclusion criteria are shown in Figure 2. 
 

 

 
 

Figure 1. Research method 
 

 

 
 

Figure 2. Stages of selecting papers 
 

 

3. RESULTS AND DISCUSSION 

This research focuses on reviewing the LC in SLR form in a more detailed and focused manner. 

Previous reviews only covered LSTM in a limited scope and in the form of general reviews that were less 
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focused and detailed. This research describes the papers used, the results of the LC review, comparative 

reviews, and further research. The paper description is used to indicate the quality and quantity of research 

sources. The results of the review are used to show a description of LC model development from various 

predetermined points of view. Comparative reviews were used to demonstrate the recency and superiority of 

the review carried out compared to previous reviews. Further research is needed to refine the limitations of 

this research. 

 

3.1.  Papers description 

Papers were collected through online academic search engines, including Scopus, ScienceDirect, 

IEEE Xplore, SpringerLink, Emerald, and ProQuest. All papers were published in 2023. The papers 

synthesized in this study have gone through 9 stages of selection with inclusion and exclusion criteria.  

The selected papers were 146 out of 472, or 30%. Figure 3 shows that the synthesized papers were published 

in 55 popular international journals. Most of the papers are published in journals in the field of computer 

science, with others in the field of applied computer science. 33% of the papers were published by journals in 

the field of computer science and its applications, including IEEE Access, Sensors, Energies, Applied 

Science, and Biomedical Signal Processing and Control. The quality of selected journals and paper publishers 

spread across eight countries is shown in Figures 4 and 5. Most of the papers were published by MDPI, 

IEEE, Elsevier, and Springer. Figure 6 shows that all journals occupy quartile one or quartile 2 in the 

Scimago Journal and Country Rank. 

 

 

 
 

Figure 3. Publication journal of LC 

 
 

Figure 4. Publisher of LC 

 

 

 
 

Figure 5. Publication country of LC 

 

 

 
 

Figure 6. Journal quartile of LC 
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3.2.  Research result 

This research aims to describe the development of the LC model, including the framework, data, 

preprocessing, learning process, optimization, evaluation, tasks, problem domains, trends, and challenges, 

which were not discussed in previous reviews. The description of research results is accompanied by a 

discussion to present the research results more comprehensively. The discussion scope of the research results 

was based on nine predetermined research questions. 

 

3.2.1.  RQ1: what is the LC model development framework? 

We found that LSTM development can be classified into two development models, namely 

development in LSTM cells and LC model development, as shown in Figure 7. LSTM cell development is 

carried out by modifying the architecture, weights, or functions of the LSTM cell. LC model development is 

carried out by combining LSTM with itself or combining LSTM with other methods. The combination of 

LSTM with other methods can be serial, parallel, or mixed. 

 

 

 
 

Figure 7. Classification of LC model development 

 

 

The development of LSTM cell is less than LC model. The development of LSTM cells aims to 

optimize network models [9]–[12] and hidden layer optimization with certain algorithms, including particle 

swarm optimization (PSO) and genetic algorithm [13]–[17] or modifying network weights [18], [19]. For 

example, two sigmoid functions and the tanh function in the LSTM cell are replaced with a sinusoidal 

function to increase accuracy in problems whose output is periodic, and the use of Radix-r offset binary 

coding (OBC) as a recurrent connection weight at each gate of the LSTM cell to increase the exponential 

growth of the model size. LC model development can be classified into two models, namely, a combination 

of LSTM with itself [20] or a combination of LSTM with other methods. Most LC model developments are a 

combination of LSTM and one or more other methods [21]–[23]. The LC model format is serial [24]–[27], 

parallel [28]–[34], or a mixture [35]. The LC model development aims to get better model performance, but 

there are anomalies in certain cases [36]. 

We found the general LC development architecture as shown in Figure 8. The architecture is divided 

into three stages: data preparation, training model, and evaluation model. These three stages are related 

serially. Data preparation consists of data collection and data reduction. 

The reduced data is saved as a dataset and ready to be used for the next process. Collecting data can 

be challenging due to difficulties in finding sources and extracting data, as well as dealing with diverse forms 

and types of data. The training model consists of input features, dividing training data and validation data, 

and learning processes. Some LC model developments carry out preprocessing [37], [38], feature extraction 

[39]–[41] or both. Feature engineering is the process of transforming raw data into a format suitable for 

analysis. This involves extracting necessary features using specific methods. The development of the LC 

model is further demonstrated by the learning process architecture. Optimal model performance is obtained 

from repeated training and validation, as well as modifying the proportion of training data and validation 

data. Training a model involves finding the best hyperparameters for optimal performance. The evaluation 

model aims to measure the performance of the LC model. The evaluation method for a model should be 

appropriate for its input, output, and tasks to understand its performance. Choosing a baseline method for 

comparison is a key challenge. 
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Figure 8. LC development framework 

 

 

3.2.2.  RQ2: how is data used in LC model development? 

We found that the data used for developing the LC model can be classified into three categories, 

namely public datasets, official data, and experimental data. Figure 9 shows the proportions of the three data 

categories. Experimental data occupies the highest proportion. This proportion shows that most of the LC 

model development is based on real-world problems and laboratory tests [42]–[45]. Public data used for LC 

model development include IEEE bearing dataset [11], the DeepMIMO dataset [46], C-MAPSS dataset [47], 

BSL dataset [48], a publicly available dataset from New South Wales [49], weather dataset in Quinland [50], 

PHM2010 tool-wear dataset [51], new plant disease dataset [52], and IMDb [53]. The high proportion of 

official data usage indicates that the development of the LC model solves institutional business problems. 

Official data used for LC model development include the National Marine Data Center [54], experimental 

data from the University of Cincinnati’s Intelligent Maintenance Systems Center [55], air pollution data, and 

meteorology data from 35 monitoring stations in Beijing [56], price of China Real Estate Index [57], 

Epilepsy Research Center at Bonn University in Germany [58], and actual operation data of Denmark’s DK1 

region in the Nordic electricity market [59]. 

We also found that the data used in LC model development can be classified based on its type as 

shown in Figure 10. The numerical data type is the most widely used, reaching 14% [60]–[62]. Meanwhile, the 

signal data type [63] is 20%, and the image data type [64] is 14%. Text and multivariate data types [65]–[67] 

each account for 10%. There are only a few other data types, including video [26], symbols [68], [69], and 

speech [70]. 

 

 

  
  

Figure 9. The data source of LC Figure 10. The data type of LC 

 

 

3.2.3.  RQ3: how is preprocessing in LC model development? 

Most of the data cannot be analyzed directly in the learning process of LC model development.  

We discovered various methods of preprocessing data, as shown in Figure 11. These methods include Pearson 

correlation [41], normalization [71], interpolation [72], labeling [73], wavelet [74], word2vec [75], and 

converting, GloVe [76]. The need for preprocessing methods is determined based on the data type, data 
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cleaning, and analysis method to be used [27], [77]. Some LC model developments use more than one 

preprocessing method [78]. Normalization is the most widely used method [79]. Some LC model developments 

use a combination of normalization and other methods [80], [81]. Preprocessing for text data uses GloVe  

[29], [76], or word2vec [82], while preprocessing for signal data uses wavelets [38], [74], or interpolation [83], 

[84]. Preprocessing in the LC-supervised model development model uses data labeling [85], [86]. 
 

3.2.4.  RQ4: what is the learning process in LC development? 

We found that LC model development is carried out by combining LSTM with modules, algorithms, 

or other methods to improve performance in problem-solving. Modules that are often used in LC model 

development include attention [21], [29], [35], ReLu [22], [23], pooling [24], [30], SoftMax [26], [39], 

conditional random field (CRF) [29], dropout [30], [80], flatten [31], [52], fully connected [47], [59], dense 

[50], [78]. Methods that are often combined with LSTM include CNN [21], [24], [28], RNN [69], 

transformer [42], [64], gated recurrent unit (GRU), and LSTM itself [20], [32], [56]. BiLSTM and 

StackedBiLSTM are examples of LC methods themselves [87]. Multi-layer sequential LSTM and multi-head 

LSTM are combinations of LSTM themselves in sequential [88]. CNN is the most often used method in LC 

models, as shown in Figure 12. 

 

 

  
  

Figure 11. The methods used in LC preprocessing Figure 12. The method combined with LSTM in  

LC learning 

 

 

Three types of LC are serial combination, parallel combination, and mixed combination. MC-LSTM 

[27], ER-LSTM [80], CNN-LSTM [88], and BiLSTM-Softmax [89] are examples of the LC serial 

combinations. CNN-BiLSTM [29], ACN-LSTM [30], hybrid 1DCNN-LSTM [31], and CNN-LSTM [82] are 

examples of the LC parallel combinations. Reusable LSTM network (RLN) [32], Hybrid CNN-LSTM with 

multi-level attention fusion [74], distributed ensemble LSTM [75], and EPKSL [90] are examples of the LC 

mixed combinations. 

 

3.2.5.  RQ5: how to optimize and evaluate LC model development? 

Some LC model developments use optimization methods to improve model performance. Figure 13 

shows the proportion of algorithms discovered for optimizing LC model development. The PSO and Adam 

algorithms are the most often used for this purpose. An LC model using PSO can produce good performance, 

as it achieved a high F1-score [91]. Developing an LC model using the Adam algorithm can also lead to good 

performance, with high F1-score, accuracy, and AUC [70], [89], [92]. 

All LC model development goes through a model evaluation cycle. Figure 14 shows the proportion 

of evaluation methods discovered in LC model development. The most often evaluation methods are 

accuracy, root mean squared error (RMSE), and F1-score. Several LC model developments have achieved 

high accuracy, approaching 99% [93]–[95], but there are still models with accuracy under 72% [96]. Some 

LC model developments have achieved relatively small RMSE [97], [98], but there are still models with high 

RMSE [99]. Several LC developments have achieved high F1-scores [100]–[102], but there are still models 

with low F1-scores [103]. 
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Figure 13. Optimization algorithms in LC Figure 14. Evaluation method in LC 

 

 

3.2.6.  RQ6: what tasks does LC model development perform? 

The development of the LC model was carried out to complete certain tasks in solving problems in 

the real world. This model has completed various tasks. Five main tasks that are often carried out in LC 

model development include recognition [12], [26], [80], [85], [86], [100], prediction [104]–[106], detection 

[107], [108], forecasting [109]–[114], and classification [115]–[117] as shown in Table 1. Other tasks 

performed by LC model development in a limited scope include analysis, modeling [118], optimization 

[119], sensing, and diagnosis. Prediction is the task most LC model development performs. 

 

 

Table 1. The proportion of LC development tasks 
No Task Proportion (%) 

1 Prediction 23 

2 Detection 14 

3 Forecasting 14 
4 Classification 12 

5 Recognition 8 

6 Various others task 29 

 

 

3.2.7.  RQ7: what problems does the development of the LC model solve? 

Problems in the real world are numerous and rapidly developing. Various developments have been 

carried out to solve these problems. We found that the development of the LC model has penetrated various 

real problem areas in the world, as shown in Figure 15. These problem domains include the environment, 

mechanical, electrical, health, and financial. Environmental problems include urban water [38], urban 

flooding [45], water pollution [109], domestic waste generation [114], and transportation [120]. Mechanical 

problems include servo systems [66], missile maneuver trajectories [67], aircraft engines [71], and machine 

cutterheads [121]. Energy problems include solar power [105] and wind power [122]. Industrial problems 

include chemical processes [18], gas analysis [94], and complex product design [118]. Health problems include 

drug reactions [19], cardiovascular issues [88], brain tumors [95], food safety [103], and influenza [123]. 

Human-style problems include facial emotions [26], sleep staging [33], gait phases [86], and driving 

style [115]. Financial problems include China’s real estate stock trend [57], stock price [98], and credit card 

fraud [124]. Social media problems include text [53], social networks [78], and Chinese news [82]. 

Agricultural problems include plant disease [52], tomato seed cultivars [125], and agricultural products [126]. 

Electrical problems include electrical consumption for ships [21] and electrical load [49]. Geography 

problems include lithology [16], fiber optic cable [93], ground motion [127], acute mountain sickness [128], 

and fault location [129]. Network problems include IoT environment [130] and cloud computing [131]. 

Maritime problems include ship motion [17] and wave height [54]. Image problems include hyperspectral 

image [64], image caption generation [132], and fused multimodality medical image [133]. Language 

problems include baby sign language [48] and multilingual humor and irony [76]. Electromedical problems 

include epileptic EEG signals [58], and EEG [134]. Other problems include partial discharge [25],  

multi-domain [75], and permafrost degradation [135]. 

 

3.2.8.  RQ8: what is the recent trend in the development of LC models? 

We found that the trend of data used in LC model development is getting closer to real-world 

problems. This is shown by the proportion of data, namely 64% collected from experimental data or official 

data, as shown in Figure 9. The development of the LC model using official data shows that LC model 
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development is needed to provide solutions to business problems. LC model development using public 

datasets aims to find the best performing. The trend of LC model development based on research problem 

domains shows that the scope of LC model research is increasingly broad, as shown in Figure 16. This shows 

that all areas of research are possible to carry out through the development of LC models. Meanwhile, the 

trend of LC model development based on the tasks shows that LC development is used to solve prediction, 

detection, forecasting, classification, and recognition tasks. We found that the trend of preprocessing in LC 

model development is normalization, as shown in Figure 11. CNN is the most trending method for combining 

with LSTM in the learning process, as shown in Figure 12. Meanwhile, the trend of LC model development 

on testing results shows that LC model performance is still varied. 

 

 

 
 

Figure 15. The problem domains solved by LC 

 

 

 
 

Figure 16. LC development challenges 

 

 

3.2.9.  RQ9: what are the recent challenges in LC model development? 

We found that the challenges of developing an LC model related to data problems include data 

growth, data expansion, data exploration, data augmentation, data modeling, and data extraction, as shown in 

Figure 16. Further data growth studies were carried out to increase the amount of data [136], [137].  

The growth of data requires further studies on augmentation [81] or exploration [102]. Further studies on data 

expansion were carried out by expanding the scope and range of data [138]–[140]. Further studies on data 

modeling and data extraction are needed to simplify the processing and representation of data [76], [117], [125]. 

Challenges in LC model development related to improving model performance include increasing 

accuracy, enhancing generalization ability, conducting method combination trials, and comparing 

combination methods. Further research related to accuracy includes involving uncertainty theory [141], 

increasing data from multiple sources [56], [128], combining various methods [39], [83], [84], [99], [124], 
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and comparing them [111]. Additional studies related to generalization involve using more complex data 

[18], larger datasets [95], additional equipment [142], and integrating ideas and parameters into models 

[121]. A significant issue in LC model development is efficiency. Further research related to model 

efficiency includes computation, resources, tools, and optimization. Computational challenges include 

algorithms, calculations, and time complexity [19], [88], [109]. Lack of resources and poor tool quality are 

ongoing issue in LC model development [85], [100], [133], [143], [144]. Hot topics related to LC model 

development optimization include optimization techniques, structure optimization, algorithms, security, 

overfitting, and errors [23], [68], [69], [98], [112], [115], [118], [119]. Further research on LC model 

development can be conducted at the implementation level. Studying model implementation in various field 

is a fascinating area to explore [11], [41], [87], [91], [97], [131], [145], [146]. Expanding the scope of 

implementation is also a challenging study [58], [92], [129]. 

The development of the resulting LC model is a never-ending challenge. Challenges related to 

model development include analysis expansion, model integration, embedded models, and model 

exploration. Analysis expansion is carried out to increase the model's solution capabilities for the problems 

being solved [37], [75], [101], [113], [134], [147]–[149]. Model integration and embedded models are carried 

out regarding the use of resources or tools to make the model easier [29], [34], [53], [74], [150]. Further 

studies on model exploration include data exploration, techniques, resources, and algorithms so that the 

model provides more added value [31], [78], [79], [97], [104], [105], [108], [127], [151]. Another interesting 

challenge in LC development is parameter expansion. Parameter expansion aims to improve the model by 

considering other influential factors that have not been considered in previous models [40], [57], [71], [77], 

[90], [106], [107], [116], [122], [123], [126], [130], [149], [151]–[153]. The development of the LC model also 

depends on the specified research topic or field. Research fields that require further study include multilingual 

[82], gait recognition [86], multi-emotion [96], semantics [132], and feature extraction [154]. 

 

3.3.  Discussion 

This research specifically conducts a review paper that explains the development of the LC method. 

The papers selected for this research were filtered rigorously to ensure high quality. It provides a 

comprehensive description of the reviewed papers, demonstrating the level of quality of the papers used, 

which has not been done in previous reviews. The review applied an SLR method, which has not been used 

in any LSTM review. The SLR method gave a clearer and more focused review. Table 2 shows that this 

study explicitly finds a complete aggregation of LC development and outlines challenges for further research 

on LC. However, this research has limitations. The review scope is limited to the LC method only.  

The review includes papers published in 2023 with titles containing "LSTM" or "Long short-term memory". 

The review is limited to nine research questions. To enhance the review, additional research questions can be 

included, and more recent papers can be considered due to the rapid pace of research developments. 

 

 

Table 2. Aggregation of LC development 
Research question Aggregation 

Model development framework Data preparation, training model, and evaluation model 

Data source Experimental data and public dataset 
Data type Numeric, signal, image, and text 

Methods used in preprocessing Normalization 

Method combined with LSTM in learning CNN, dense, attention, SoftMax, and ReLu 
Optimization algorithms PSO and Adam 

Evaluation method Accuracy, RMSE, and F1-score 

Task Prediction, detecting, forecasting, and classification  
Problem domains solved All domain 

Recent trend in the development Real-world problems 

Recent challenges in the development Research field, data, model, performance, and implementation 

 

 

4. CONCLUSION 

This SLR is based on 146 papers selected from Q1 or Q2-indexed journals in computer science in 

2023. All papers contain "LSTM" or "Long short-term memory" in their title. The LC model development 

framework includes data preparation, preprocessing, learning, validation, and testing, with data mainly 

sourced from experimental or official sources. LC models aim to address real-world problems across various 

domains such as environment, mechanical, energy, network, industry, geography, electrical, health, human 

style, agriculture, and social media. CNN is a popular method in LC model development, and PSO is widely 

used for optimization. Research on LSTM cell development is limited. Prediction, detection, forecasting, 

classification, and recognition are common tasks in LC model development. Collaboration and integration of 

LSTM with other methods are trends in LC model development, offering solutions to real-world challenges. 
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Data expansion, performance enhancement, model comparison, research field expansion, and implementation 

are challenges in LC model development with diverse parameters and domains. This research addresses nine 

research questions. The review highlights the rapid growth of LC models, demonstrating the versatility of 

LSTM in solving complex real-world problems across various fields. Although LC development is 

increasingly complex, it provides promising opportunities to address challenges in solving real-world 

problems. 

 

 

FUNDING INFORMATION 

This research was funded by the Final Project Recognition Program of Gadjah Mada University 

Batch I, Fiscal Year 2022, as stated in the Assignment Letter Number: 3550/UN1.P.III/Dit-Lit/PT.01.05/2022 

dated May 20, 2022. 

 

 

AUTHOR CONTRIBUTIONS STATEMENT 

This journal uses the Contributor Roles Taxonomy (CRediT) to recognize individual author 

contributions, reduce authorship disputes, and facilitate collaboration. 

 

Name of Author C M So Va Fo I R D O E Vi Su P Fu 

Ahmad Riyadi ✓ ✓ ✓  ✓ ✓ ✓ ✓ ✓ ✓ ✓  ✓ ✓ 

Nur Rokhman ✓ ✓  ✓  ✓    ✓  ✓ ✓ ✓ 

Lukman Heryawan ✓ ✓  ✓  ✓    ✓  ✓  ✓ 

 

C :  Conceptualization 

M :  Methodology 

So :  Software 

Va :  Validation 

Fo :  Formal analysis 

I :  Investigation 

R :  Resources 

D : Data Curation 

O : Writing - Original Draft 

E : Writing - Review & Editing 

Vi :  Visualization 

Su :  Supervision 

P :  Project administration 

Fu :  Funding acquisition 

 

 

 

CONFLICT OF INTEREST STATEMENT 

The authors confirm that there is no conflict of interest associated with this publication. 

 

 

DATA AVAILABILITY 

The authors confirm that the data supporting the findings of this study are available within the article. 

 

 

REFERENCES 
[1] S. Hochreiter and J. Schmidhuber, “Long short-term memory,” Neural Computation, vol. 9, no. 8, pp. 1735–1780, 1997,  

doi: 10.1162/neco.1997.9.8.1735. 

[2] Y. Yu, X. Si, C. Hu, and J. Zhang, “A review of recurrent neural networks: LSTM cells and network architectures,” Neural 

Computation, vol. 31, no. 7, pp. 1235–1270, 2019, doi: 10.1162/neco_a_01199. 
[3] G. V. Houdt, C. Mosquera, and G. Nápoles, “A review on the long short-term memory model,” Artificial Intelligence Review,  

vol. 53, no. 8, pp. 5929–5955, 2020, doi: 10.1007/s10462-020-09838-1. 

[4] S. Tiwari and A. K. Chaturvedi, “A survey on LSTM-based stock market prediction,” Ilkogretim Online - Elementary Education 
Online, vol. 20, no. 5, pp. 1671–1677, 2021, doi: 10.17051/ilkonline.2021.05.182. 

[5] B. Lindemann, B. Maschler, N. Sahlab, and M. Weyrich, “A survey on anomaly detection for technical systems using LSTM 

networks,” Computers in Industry, vol. 131, 2021, doi: 10.1016/j.compind.2021.103498. 
[6] M. Templier and G. Paré, “A framework for guiding and evaluating literature reviews,” Communications of the Association for 

Information Systems, vol. 37, 2015, doi: 10.17705/1CAIS.03706. 

[7] S. G. Paul et al., “Combating Covid-19 using machine learning and deep learning: applications, challenges, and future 
perspectives,” Array, vol. 17, 2023, doi: 10.1016/j.array.2022.100271. 

[8] R. Jindal, R. Malhotra, and A. Jain, “Techniques for text classification: literature review and current trends,” Webology, vol. 12, 

no. 2, 2015. 
[9] L. Feng, “Predicting output responses of nonlinear dynamical systems with parametrized inputs using LSTM,” IEEE Journal on 

Multiscale and Multiphysics Computational Techniques, vol. 8, pp. 97–107, 2023, doi: 10.1109/JMMCT.2023.3242044. 

[10] M. T. Khan, H. E. Yantir, K. N. Salama, and A. M. Eltawil, “Architectural trade-off analysis for accelerating LSTM network 
using Radix- r OBC scheme,” IEEE Transactions on Circuits and Systems I: Regular Papers, vol. 70, no. 1, pp. 266–279, 2023, 

doi: 10.1109/TCSI.2022.3217091. 

[11] S. Xiang, J. Zhou, J. Luo, F. Liu, and Y. Qin, “Cocktail LSTM and its application into machine remaining useful life prediction,” 
IEEE/ASME Transactions on Mechatronics, vol. 28, no. 5, pp. 2425–2436, 2023, doi: 10.1109/TMECH.2023.3244282. 

[12] H. Wu et al., “A novel pedal musculoskeletal response based on differential spatio-temporal LSTM for human activity 

recognition,” Knowledge-Based Systems, vol. 261, 2023, doi: 10.1016/j.knosys.2022.110187. 



Int J Artif Intell  ISSN: 2252-8938  

 

A review on long short-term memory combination development (Ahmad Riyadi) 

4437 

[13] Y. Chen, G. Shi, H. Jiang, and T. Zheng, “Research on the prediction of insertion resistance of wheel loader based on PSO-
LSTM,” Applied Sciences, vol. 13, no. 3, 2023, doi: 10.3390/app13031372. 

[14] K. Barik, S. Misra, A. K. Ray, and A. Bokolo, “LSTM‐DGWO‐based sentiment analysis framework for analyzing online 

customer reviews,” Computational Intelligence and Neuroscience, vol. 2023, no. 1, 2023, doi: 10.1155/2023/6348831. 
[15] S. Mahjoub, S. Labdai, L. C.-Alaoui, B. Marhic, and L. Delahoche, “Short-term occupancy forecasting for a smart home using 

optimized weight updates based on GA and PSO algorithms for an LSTM network,” Energies, vol. 16, no. 4, 2023,  

doi: 10.3390/en16041641. 
[16] Y. He et al., “Lithologic identification of complex reservoir based on PSO-LSTM-FCN algorithm,” Energies, vol. 16, no. 5, 2023, 

doi: 10.3390/en16052135. 

[17] X. Geng, Y. Li, and Q. Sun, “A novel short-term ship motion prediction algorithm based on EMD and adaptive PSO–LSTM with 
the sliding window approach,” Journal of Marine Science and Engineering, vol. 11, no. 3, 2023, doi: 10.3390/jmse11030466. 

[18] B. Xu, Y. Wang, L. Yuan, and C. Xu, “A novel second-order learning algorithm based attention-LSTM model for dynamic 

chemical process modeling,” Applied Intelligence, vol. 53, no. 2, pp. 1619–1639, 2023, doi: 10.1007/s10489-022-03515-2. 
[19] X. Wang, X. Wang, and S. Zhang, “Adverse drug reaction detection from social media based on quantum Bi-LSTM with 

attention,” IEEE Access, vol. 11, pp. 16194–16202, 2023, doi: 10.1109/ACCESS.2022.3151900. 

[20] K. Lee, W. Kim, and S. Lee, “From human pose similarity metric to 3D human pose estimator: temporal propagating LSTM 
networks,” IEEE Transactions on Pattern Analysis and Machine Intelligence, vol. 45, no. 2, pp. 1781–1797, 2023,  

doi: 10.1109/TPAMI.2022.3164344. 

[21] J.-Y. Kim and J.-S. Oh, “Electric consumption forecast for ships using multivariate bayesian optimization-SE-CNN-LSTM,” 
Journal of Marine Science and Engineering, vol. 11, no. 2, 2023, doi: 10.3390/jmse11020292. 

[22] R. Li, X. Ye, F. Yang, and K.-L. Du, “ConvLSTM-Att: An attention-based composite deep neural network for tool wear 

prediction,” Machines, vol. 11, no. 2, 2023, doi: 10.3390/machines11020297. 
[23] J. Wang, S. Yang, Y. Liu, and G. Wen, “Deep subdomain transfer learning with spatial attention ConvLSTM network for fault 

diagnosis of wheelset bearing in high-speed trains,” Machines, vol. 11, no. 2, 2023, doi: 10.3390/machines11020304. 

[24] M. Akmal, “Tensor factorization and attention-based CNN-LSTM deep-learning architecture for improved classification of missing 
physiological sensors data,” IEEE Sensors Journal, vol. 23, no. 2, pp. 1286–1294, 2023, doi: 10.1109/JSEN.2022.3223338. 

[25] N. Xu, H. B. Gooi, L. Wang, Y. Zheng, W. Wang, and J. Yang, “Loop optimization noise-reduced LSTM based classifier for PD 

detection,” IEEE Transactions on Industry Applications, vol. 59, no. 1, pp. 392–402, 2023, doi: 10.1109/TIA.2022.3215642. 
[26] R. Vedantham and E. S. Reddy, “Facial emotion recognition on video using deep attention based bidirectional LSTM with equilibrium 

optimizer,” Multimedia Tools and Applications, vol. 82, no. 19, pp. 28681–28711, 2023, doi: 10.1007/s11042-023-14491-1. 

[27] H. Yang et al., “A new MC-LSTM network structure designed for regression prediction of time series,” Neural Processing 
Letters, vol. 55, no. 7, pp. 8957–8979, 2023, doi: 10.1007/s11063-023-11187-3. 

[28] Y. Qian, C. Chen, L. Tang, Y. Jia, and G. Cui, “Parallel LSTM-CNN network with radar multispectrogram for human activity 

recognition,” IEEE Sensors Journal, vol. 23, no. 2, pp. 1308–1317, 2023, doi: 10.1109/JSEN.2022.3224083. 
[29] E. Parsaeimehr, M. Fartash, and J. A. Torkestani, “Improving feature extraction using a hybrid of CNN and LSTM for entity 

identification,” Neural Processing Letters, vol. 55, no. 5, pp. 5979–5994, 2023, doi: 10.1007/s11063-022-11122-y. 

[30] Y. Li and Y. Wu, “Long-short-term memory based on adaptive convolutional network for time series classification,” Neural 
Processing Letters, vol. 55, no. 5, pp. 6547–6569, 2023, doi: 10.1007/s11063-023-11148-w. 

[31] G. Srivastava, A. Chauhan, N. Kargeti, N. Pradhan, and V. S. Dhaka, “ApneaNet: A hybrid 1DCNN-LSTM architecture for 

detection of obstructive sleep apnea using digitized ECG signals,” Biomedical Signal Processing and Control, vol. 84, 2023,  
doi: 10.1016/j.bspc.2023.104754. 

[32] Y. Deng, S. Ding, W. Li, Q. Lai, and L. Cao, “EEG-based visual stimuli classification via reusable LSTM,” Biomedical Signal 

Processing and Control, vol. 82, 2023, doi: 10.1016/j.bspc.2023.104588. 
[33] E. Efe and S. Ozsen, “CoSleepNet: Automated sleep staging using a hybrid CNN-LSTM network on imbalanced EEG-EOG 

datasets,” Biomedical Signal Processing and Control, vol. 80, 2023, doi: 10.1016/j.bspc.2022.104299. 

[34] S. Tiwari et al., “A smart decision support system to diagnose arrhythmia using ensembled ConvNet and ConvNet-LSTM model,” 
Expert Systems with Applications, vol. 213, 2023, doi: 10.1016/j.eswa.2022.118933. 

[35] A. V. P. Sarvari and K. Sridevi, “An optimized EBRSA-Bi LSTM model for highly undersampled rapid CT image 
reconstruction,” Biomedical Signal Processing and Control, vol. 83, 2023, doi: 10.1016/j.bspc.2023.104637. 

[36] F. Aksan, Y. Li, V. Suresh, and P. Janik, “CNN-LSTM vs. LSTM-CNN to predict power flow direction: a case study of the high-

voltage subnet of Northeast Germany,” Sensors, vol. 23, no. 2, 2023, doi: 10.3390/s23020901. 
[37] D. Wang, Y. Liang, H. Ma, and F. Xu, “Refined answer selection method with attentive bidirectional long short-term memory 

network and self-attention mechanism for intelligent medical service robot,” Applied Sciences, vol. 13, no. 5, 2023,  

doi: 10.3390/app13053016. 

[38] Z. Pu et al., “A hybrid Wavelet-CNN-LSTM deep learning model for short-term urban water demand forecasting,” Frontiers of 

Environmental Science & Engineering, vol. 17, no. 2, 2023, doi: 10.1007/s11783-023-1622-3. 

[39] B. P. Nandi, A. Jain, and D. K. Tayal, “Aspect based sentiment analysis using long-short term memory and weighted n-gram 
graph-cut,” Cognitive Computation, vol. 15, no. 3, pp. 822–837, 2023, doi: 10.1007/s12559-022-10104-5. 

[40] H. Ma, P. Yang, F. Wang, X. Wang, D. Yang, and B. Feng, “Short-term heavy overload forecasting of public transformers based 

on combined LSTM-XGBoost model,” Energies, vol. 16, no. 3, 2023, doi: 10.3390/en16031507. 
[41] C. Liu, A. Zhang, J. Xue, C. Lei, and X. Zeng, “LSTM-pearson gas concentration prediction model feature selection and its 

applications,” Energies, vol. 16, no. 5, 2023, doi: 10.3390/en16052318. 

[42] A. Vatsa, A. S. Hati, V. Bolshev, A. Vinogradov, V. Panchenko, and P. Chakrabarti, “Deep learning-based transformer moisture 
diagnostics using long short-term memory networks,” Energies, vol. 16, no. 5, 2023, doi: 10.3390/en16052382. 

[43] M. W. Kang and Y. W. Chung, “Content caching based on popularity and priority of content using seq2seq LSTM in ICN,” IEEE 

Access, vol. 11, pp. 16831–16842, 2023, doi: 10.1109/ACCESS.2023.3245803. 
[44] J. Yan, P. DiMeo, L. Sun, and X. Du, “LSTM-based model predictive control of piezoelectric motion stages for high-speed 

autofocus,” IEEE Transactions on Industrial Electronics, vol. 70, no. 6, pp. 6209–6218, 2023, doi: 10.1109/TIE.2022.3192667. 

[45] J. Chen, Y. Li, C. Zhang, Y. Tian, and Z. Guo, “Urban flooding prediction method based on the combination of LSTM neural 
network and numerical model,” International Journal of Environmental Research and Public Health, vol. 20, no. 2, 2023,  

doi: 10.3390/ijerph20021043. 

[46] K. Ma, F. Zhang, W. Tian, and Z. Wang, “Continuous-time mmWave beam prediction with ODE-LSTM learning architecture,” 
IEEE Wireless Communications Letters, vol. 12, no. 1, pp. 187–191, 2023, doi: 10.1109/LWC.2022.3221159. 

[47] K. Zhang and R. Liu, “LSTM-based multi-task method for remaining useful life prediction under corrupted sensor data,” 

Machines, vol. 11, no. 3, 2023, doi: 10.3390/machines11030341. 



                ISSN: 2252-8938 

Int J Artif Intell, Vol. 14, No. 6, December 2025: 4427-4441 

4438 

[48] V. Enireddy, J. Anitha, N. Mahendra, and G. Kishore, “An optimized automated recognition of infant sign language using 

enhanced convolution neural network and deep LSTM,” Multimedia Tools and Applications, vol. 82, no. 18, pp. 28043–28065, 
2023, doi: 10.1007/s11042-023-14428-8. 

[49] H. Liang, J. Wu, H. Zhang, and J. Yang, “Two-stage short-term power load forecasting based on RFECV feature selection 

algorithm and a TCN–ECA–LSTM neural network,” Energies, vol. 16, no. 4, 2023, doi: 10.3390/en16041925. 
[50] X. Chen, W. Chen, V. Dinavahi, Y. Liu, and J. Feng, “Short-term load forecasting and associated weather variables prediction 

using ResNet-LSTM based deep learning,” IEEE Access, vol. 11, pp. 5393–5405, 2023, doi: 10.1109/ACCESS.2023.3236663. 

[51] X. Xie, M. Huang, Y. Liu, and Q. An, “Intelligent tool-wear prediction based on informer encoder and bi-directional long short-
term memory,” Machines, vol. 11, no. 1, 2023, doi: 10.3390/machines11010094. 

[52] S. Tanwar and J. Singh, “ResNext50 based convolution neural network-long short term memory model for plant disease 

classification,” Multimedia Tools and Applications, vol. 82, no. 19, pp. 29527–29545, 2023, doi: 10.1007/s11042-023-14851-x. 
[53] V. K. V and S. S, “Developing a conceptual framework for short text categorization using hybrid CNN- LSTM based caledonian 

crow optimization,” Expert Systems with Applications, vol. 212, 2023, doi: 10.1016/j.eswa.2022.118517. 

[54] L. Zhao, Z. Li, J. Zhang, and B. Teng, “An integrated complete ensemble empirical mode decomposition with adaptive noise to 
optimize LSTM for significant wave height forecasting,” Journal of Marine Science and Engineering, vol. 11, no. 2, 2023,  

doi: 10.3390/jmse11020435. 

[55] J. Sun, X. Zhang, and J. Wang, “Lightweight bidirectional long short-term memory based on automated model pruning with 
application to bearing remaining useful life prediction,” Engineering Applications of Artificial Intelligence, vol. 118, 2023,  

doi: 10.1016/j.engappai.2022.105662. 

[56] W. Fang, R. Zhu, and J. C.-W. Lin, “An air quality prediction model based on improved vanilla LSTM with multichannel input 
and multiroute output,” Expert Systems with Applications, vol. 211, 2023, doi: 10.1016/j.eswa.2022.118422. 

[57] N. Chen, “Visual recognition and prediction analysis of China’s real estate index and stock trend based on CNN-LSTM algorithm 

optimized by neural networks,” PLoS ONE, vol. 18, 2023, doi: 10.1371/journal.pone.0282159. 
[58] I. Aliyu and C. G. Lim, “Selection of optimal wavelet features for epileptic EEG signal classification with LSTM,” Neural 

Computing and Applications, vol. 35, no. 2, pp. 1077–1097, 2023, doi: 10.1007/s00521-020-05666-0. 
[59] K. Wang, M. Yu, D. Niu, Y. Liang, S. Peng, and X. Xu, “Short-term electricity price forecasting based on similarity day 

screening, two-layer decomposition technique and Bi-LSTM neural network,” Applied Soft Computing, vol. 136, 2023,  

doi: 10.1016/j.asoc.2023.110018. 
[60] J. Nasir, M. Aamir, Z. U. Haq, S. Khan, M. Y. Amin, and M. Naeem, “A new approach for forecasting crude oil prices based on 

stochastic and deterministic influences of LMD using ARIMA and LSTM models,” IEEE Access, vol. 11, pp. 14322–14339, 

2023, doi: 10.1109/ACCESS.2023.3243232. 
[61] K. Wang, Z. Ye, Z. Wang, B. Liu, and T. Feng, “MACLA-LSTM: a novel approach for forecasting water demand,” 

Sustainability, vol. 15, no. 4, 2023, doi: 10.3390/su15043628. 

[62] J. He, T. Xiang, Y. Wang, H. Ruan, and X. Zhang, “A reinforcement learning handover parameter adaptation method based on 
LSTM-aided digital twin for UDN,” Sensors, vol. 23, no. 4, 2023, doi: 10.3390/s23042191. 

[63] Y.-L. He, X.-Y. Li, J.-H. Ma, Q.-X. Zhu, and S. Lu, “Attribute-relevant distributed variational autoencoder integrated with LSTM 

for dynamic industrial soft sensing,” Engineering Applications of Artificial Intelligence, vol. 119, 2023,  
doi: 10.1016/j.engappai.2022.105737. 

[64] F. Viel, R. C. Maciel, L. O. Seman, C. A. Zeferino, E. A. Bezerra, and V. R. Q. Leithardt, “Hyperspectral image classification: an 

analysis employing CNN, LSTM, transformer, and attention mechanism,” IEEE Access, vol. 11, pp. 24835–24850, 2023,  
doi: 10.1109/ACCESS.2023.3255164. 

[65] M. V. -Vasquez, G. M. -Howard, S. Dube, and B. Bhargava, “Hunting for insider threats using LSTM-based anomaly detection,” 

IEEE Transactions on Dependable and Secure Computing, vol. 20, no. 1, pp. 451–462, Feb. 2023, doi: 10.1109/TDSC.2021.3135639. 
[66] T. Wang and D. Zhang, “Improved prediction model of the friction error of CNC machine tools based on the long short term 

memory method,” Machines, vol. 11, no. 2, 2023, doi: 10.3390/machines11020243. 

[67] D. G. Lui, G. Tartaglione, F. Conti, G. D. Tommasi, and S. Santini, “Long short-term memory-based neural networks for missile 

maneuvers trajectories prediction ⋆,” IEEE Access, vol. 11, pp. 30819–30831, 2023, doi: 10.1109/ACCESS.2023.3262023. 

[68] J. Han and W. Pak, “Hierarchical LSTM-based network intrusion detection system using hybrid classification,” Applied Sciences, 
vol. 13, no. 5, 2023, doi: 10.3390/app13053089. 

[69] A. A. E.-B. Donkol, A. G. Hafez, A. I. Hussein, and M. M. Mabrook, “Optimization of intrusion detection using likely point PSO 
and enhanced LSTM-RNN hybrid technique in communication networks,” IEEE Access, vol. 11, pp. 9469–9482, 2023,  

doi: 10.1109/ACCESS.2023.3240109. 

[70] Y. Korkmaz and A. Boyacı, “Hybrid voice activity detection system based on LSTM and auditory speech features,” Biomedical 
Signal Processing and Control, vol. 80, 2023, doi: 10.1016/j.bspc.2022.104408. 

[71] S. Ullah, S. Li, K. Khan, S. Khan, I. Khan, and S. M. Eldin, “An investigation of exhaust gas temperature of aircraft engine using 

LSTM,” IEEE Access, vol. 11, pp. 5168–5177, 2023, doi: 10.1109/ACCESS.2023.3235619. 
[72] M. Geng, G. Crupi, and J. Cai, “Accurate and effective nonlinear behavioral modeling of a 10-W GaN HEMT based on LSTM 

neural networks,” IEEE Access, vol. 11, pp. 27267–27279, 2023, doi: 10.1109/ACCESS.2023.3258691. 

[73] Y. Tang, Y. Wang, C. Liu, X. Yuan, K. Wang, and C. Yang, “Semi-supervised LSTM with historical feature fusion attention for 
temporal sequence dynamic modeling in industrial processes,” Engineering Applications of Artificial Intelligence, vol. 117, 2023, 

doi: 10.1016/j.engappai.2022.105547. 

[74] J. Liu, Y. Liu, D. Li, H. Wang, X. Huang, and L. Song, “DSDCLA: driving style detection via hybrid CNN-LSTM with multi-
level attention fusion,” Applied Intelligence, vol. 53, no. 16, pp. 19237–19254, 2023, doi: 10.1007/s10489-023-04451-5. 

[75] P. Li, Y. Liu, Y. Hu, Y. Zhang, X. Hu, and K. Yu, “A drift-sensitive distributed LSTM method for short text stream 

classification,” IEEE Transactions on Big Data, vol. 9, no. 1, pp. 341–357, 2023, doi: 10.1109/TBDATA.2022.3164239. 
[76] R. Tasnia, N. Ayman, A. Sultana, A. N. Chy, and M. Aono, “Exploiting stacked embeddings with LSTM for multilingual humor 

and irony detection,” Social Network Analysis and Mining, vol. 13, no. 1, 2023, doi: 10.1007/s13278-023-01049-0. 

[77] Y. Wei, J. J.-Jaccard, W. Xu, F. Sabrina, S. Camtepe, and M. Boulic, “LSTM-autoencoder-based anomaly detection for indoor air 
quality time-series data,” IEEE Sensors Journal, vol. 23, no. 4, pp. 3787–3800, 2023, doi: 10.1109/JSEN.2022.3230361. 

[78] S. Kumar, A. Mallik, and B. S. Panda, “Influence maximization in social networks using transfer learning via graph-based 

LSTM,” Expert Systems with Applications, vol. 212, 2023, doi: 10.1016/j.eswa.2022.118770. 
[79] M. Lahariya, F. Karami, C. Develder, and G. Crevecoeur, “Physics-informed LSTM network for flexibility identification in 

evaporative cooling system,” IEEE Transactions on Industrial Informatics, vol. 19, no. 2, pp. 1484–1494, 2023,  

doi: 10.1109/TII.2022.3173897. 



Int J Artif Intell  ISSN: 2252-8938  

 

A review on long short-term memory combination development (Ahmad Riyadi) 

4439 

[80] M. S. Zitouni, C. Y. Park, U. Lee, L. J. Hadjileontiadis, and A. Khandoker, “LSTM-modeling of emotion recognition using 
peripheral physiological signals in naturalistic conversations,” IEEE Journal of Biomedical and Health Informatics, vol. 27, no. 2, 

pp. 912–923, Feb. 2023, doi: 10.1109/JBHI.2022.3225330. 

[81] E. Amooei, A. Sharifi, and M. Manthouri, “Early diagnosis of neurodegenerative diseases using CNN-LSTM and wavelet 
transform,” Journal of Healthcare Informatics Research, vol. 7, no. 1, pp. 104–124, 2023, doi: 10.1007/s41666-023-00130-9. 

[82] Z. Zhai, X. Zhang, F. Fang, and L. Yao, “Text classification of Chinese news based on multi-scale CNN and LSTM hybrid 

model,” Multimedia Tools and Applications, vol. 82, no. 14, pp. 20975–20988, 2023, doi: 10.1007/s11042-023-14450-w. 
[83] G. Duan, Y. Su, and J. Fu, “Landslide displacement prediction based on multivariate LSTM model,” International Journal of 

Environmental Research and Public Health, vol. 20, no. 2, 2023, doi: 10.3390/ijerph20021167. 

[84] B. Kumar, Sunil, and N. Yadav, “A novel hybrid model combining βSHARMA and LSTM for time series forecasting,” Applied 
Soft Computing, vol. 134, 2023, doi: 10.1016/j.asoc.2023.110019. 

[85] S. Ying, Y. Sun, F. Zhou, and L. Lin, “ShuffleNet v2.3-StackedBiLSTM-based tool wear recognition model for turbine disc fir-

tree slot broaching,” Machines, vol. 11, no. 1, 2023, doi: 10.3390/machines11010092. 
[86] S. Cai, D. Chen, B. Fan, M. Du, G. Bao, and G. Li, “Gait phases recognition based on lower limb sEMG signals using LDA-PSO-

LSTM algorithm,” Biomedical Signal Processing and Control, vol. 80, 2023, doi: 10.1016/j.bspc.2022.104272. 

[87] D. de S. Lima, L. J. A. Amichi, M. A. Fernandez, A. A. Constantino, and F. A. V. Seixas, “NCYPred: a bidirectional LSTM 
network with attention for Y RNA and short non-coding RNA classification,” IEEE/ACM Transactions on Computational 

Biology and Bioinformatics, vol. 20, no. 1, pp. 557–565, 2023, doi: 10.1109/TCBB.2021.3131136. 

[88] H. Wang, Y. Ma, A. Zhang, D. Lin, Y. Qi, and J. Li, “Deep convolutional generative adversarial network with LSTM for ECG 
denoising,” Computational and Mathematical Methods in Medicine, vol. 2023, no. 1, 2023, doi: 10.1155/2023/6737102. 

[89] K. Attouri, M. Mansouri, M. Hajji, A. Kouadri, K. Bouzrara, and H. Nounou, “Wind power converter fault diagnosis using 

reduced Kernel PCA-based BiLSTM,” Sustainability, vol. 15, no. 4, 2023, doi: 10.3390/su15043191. 
[90] X. Zhao, X. Lu, W. Quan, X. Li, H. Zhao, and G. Lin, “An effective ionospheric TEC predicting approach using EEMD-PE-

Kmeans and self-attention LSTM,” Neural Processing Letters, vol. 55, no. 7, pp. 9225–9245, Mar. 2023, doi: 10.1007/s11063-

023-11199-z. 
[91] T. Sun, C. Wang, H. Dong, Y. Zhou, and C. Guan, “A novel parameter-optimized recurrent attention network for pipeline leakage 

detection,” IEEE/CAA Journal of Automatica Sinica, vol. 10, no. 4, pp. 1064–1076, 2023, doi: 10.1109/JAS.2023.123180. 

[92] B. T. Naik and M. F. Hashmi, “LSTM-BEND: predicting the trajectories of basketball,” IEEE Sensors Letters, vol. 7, no. 4, 2023, 
doi: 10.1109/LSENS.2023.3253863. 

[93] J. Lu, W. Feng, Y. Li, J. Zhang, Y. Zou, and J. Li, “VMD and self-attention mechanism-based Bi-LSTM model for fault detection 

of optical fiber composite submarine cables,” EURASIP Journal on Advances in Signal Processing, vol. 2023, no. 1, 2023,  
doi: 10.1186/s13634-023-00988-2. 

[94] S. Das, A. Paramane, S. Chatterjee, and U. M. Rao, “Sensing incipient faults in power transformers using bi-directional long 

short-term memory network,” IEEE Sensors Letters, vol. 7, no. 1, pp. 1–4, 2023, doi: 10.1109/LSENS.2022.3233135. 
[95] A. Karacı and K. Akyol, “YoDenBi-NET: YOLO + DenseNet + Bi-LSTM-based hybrid deep learning model for brain tumor 

classification,” Neural Computing and Applications, vol. 35, no. 17, pp. 12583–12598, Mar. 2023, doi: 10.1007/s00521-023-

08395-2. 
[96] A. Glenn, P. LaCasse, and B. Cox, “Emotion classification of Indonesian tweets using Bidirectional LSTM,” Neural Computing 

and Applications, vol. 35, no. 13, pp. 9567–9578, 2023, doi: 10.1007/s00521-022-08186-1. 

[97] Z. Wang, Q. Wang, and T. Wu, “A novel hybrid model for water quality prediction based on VMD and IGOA optimized for 
LSTM,” Frontiers of Environmental Science & Engineering, vol. 17, no. 7, 2023, doi: 10.1007/s11783-023-1688-y. 

[98] A. Q. Md et al., “Novel optimization approach for stock price forecasting using multi-layered sequential LSTM,” Applied Soft 

Computing, vol. 134, 2023, doi: 10.1016/j.asoc.2022.109830. 
[99] W. Fang, W. Zhuo, Y. Song, J. Yan, T. Zhou, and J. Qin, “Δfree-LSTM: An error distribution free deep learning for short-term 

traffic flow forecasting,” Neurocomputing, vol. 526, pp. 180–190, 2023, doi: 10.1016/j.neucom.2023.01.009. 

[100] J. Zhou, X. Bai, and W. Hu, “Recognition and prediction of pedestrian hazardous crossing intentions in visual field obstruction 
areas based on IPVO-LSTM,” Applied Sciences, vol. 13, no. 5, 2023, doi: 10.3390/app13052999. 

[101] A. Srilakshmi and K. Geetha, “A novel framework for soybean leaves disease detection using DIM-U-net and LSTM,” 
Multimedia Tools and Applications, vol. 82, no. 18, pp. 28323–28343, 2023, doi: 10.1007/s11042-023-14775-6. 

[102] Y.-X. Lu, X.-B. Jin, D.-J. Liu, X.-C. Zhang, and G.-G. Geng, “Anomaly detection using multiscale C-LSTM for univariate time-

series,” Security and Communication Networks, vol. 2023, pp. 1–12, 2023, doi: 10.1155/2023/6597623. 
[103] T. Yuan, X. Qin, and C. Wei, “A Chinese named entity recognition method based on ERNIE-BiLSTM-CRF for food safety 

domain,” Applied Sciences, vol. 13, no. 5, 2023, doi: 10.3390/app13052849. 

[104] M. A. Majeed, H. Z. M. Shafri, Z. Zulkafli, and A. Wayayok, “A deep learning approach for dengue fever prediction in Malaysia 

using LSTM with spatial attention,” International Journal of Environmental Research and Public Health, vol. 20, no. 5,  

doi: 10.3390/ijerph20054130. 

[105] H. Alharkan, S. Habib, and M. Islam, “Solar power prediction using dual stream CNN-LSTM architecture,” Sensors, vol. 23,  
no. 2, 2023, doi: 10.3390/s23020945. 

[106] Y. Zhang, Y. Song, and G. Wei, “A feature-enhanced long short-term memory network combined with residual-driven v support 

vector regression for financial market prediction,” Engineering Applications of Artificial Intelligence, vol. 118, 2023,  
doi: 10.1016/j.engappai.2022.105663. 

[107] A. S. Musleh, G. Chen, Z. Y. Dong, C. Wang, and S. Chen, “Attack detection in automatic generation control systems using 

LSTM-based stacked autoencoders,” IEEE Transactions on Industrial Informatics, vol. 19, no. 1, pp. 153–165, 2023,  
doi: 10.1109/TII.2022.3178418. 

[108] F. Kong, J. Li, B. Jiang, H. Wang, and H. Song, “Integrated generative model for industrial anomaly detection via bidirectional 

LSTM and attention mechanism,” IEEE Transactions on Industrial Informatics, vol. 19, no. 1, pp. 541–550, 2023,  
doi: 10.1109/TII.2021.3078192. 

[109] G. Narkhede, A. Hiwale, B. Tidke, and C. Khadse, “Novel MIA-LSTM deep learning hybrid model with data preprocessing for 

forecasting of PM2.5,” Algorithms, vol. 16, no. 1, 2023, doi: 10.3390/a16010052. 
[110] M. Abumohsen, A. Y. Owda, and M. Owda, “Electrical load forecasting using LSTM, GRU, and RNN algorithms,” Energies, 

vol. 16, no. 5, 2023, doi: 10.3390/en16052283. 

[111] P. L. Seabe, C. R. B. Moutsinga, and E. Pindza, “Forecasting cryptocurrency prices using LSTM, GRU, and bi-directional LSTM: 
a deep learning approach,” Fractal and Fractional, vol. 7, no. 2, 2023, doi: 10.3390/fractalfract7020203. 

[112] Q. Li, D. Zhang, and K. Yan, “A solar irradiance forecasting framework based on the CEE-WGAN-LSTM model,” Sensors,  

vol. 23, no. 5, 2023, doi: 10.3390/s23052799. 



                ISSN: 2252-8938 

Int J Artif Intell, Vol. 14, No. 6, December 2025: 4427-4441 

4440 

[113] D. Kim, Y. Lee, K. Chin, P. J. Mago, H. Cho, and J. Zhang, “Implementation of a long short-term memory transfer learning 

(LSTM-TL)-based data-driven model for building energy demand forecasting,” Sustainability, vol. 15, no. 3, 2023,  
doi: 10.3390/su15032340. 

[114] M. S. Jassim, G. Coskuner, N. Sultana, and S. M. Z. Hossain, “Forecasting domestic waste generation during successive COVID-

19 lockdowns by Bidirectional LSTM super learner neural network,” Applied Soft Computing, vol. 133, 2023,  
doi: 10.1016/j.asoc.2022.109908. 

[115] Y. Cai, R. Zhao, H. Wang, L. Chen, Y. Lian, and Y. Zhong, “CNN-LSTM driving style classification model based on driver 

operation time series data,” IEEE Access, vol. 11, pp. 16203–16212, 2023, doi: 10.1109/ACCESS.2023.3245146. 
[116] D.-H. Kim, A. Farhad, and J.-Y. Pyun, “UWB positioning system based on LSTM classification with mitigated NLOS effects,” 

IEEE Internet of Things Journal, vol. 10, no. 2, pp. 1822–1835, 2023, doi: 10.1109/JIOT.2022.3209735. 

[117] W. Wei, X. Li, B. Zhang, L. Li, R. Damaševičius, and R. Scherer, “LSTM-SN: complex text classifying with LSTM fusion social 
network,” The Journal of Supercomputing, vol. 79, no. 9, pp. 9558–9583, 2023, doi: 10.1007/s11227-022-05034-w. 

[118] J.-J. Duan, P.-S. Luo, Q. Liu, F.-A. Sun, and L.-M. Zhu, “A modeling design method for complex products based on LSTM 

neural network and kansei engineering,” Applied Sciences, vol. 13, no. 2, 2023, doi: 10.3390/app13020710. 
[119] N. M. H. Alamri, M. Packianather, and S. Bigot, “Optimizing the parameters of long short-term memory networks using the bees 

algorithm,” Applied Sciences, vol. 13, no. 4, 2023, doi: 10.3390/app13042536. 

[120] M. Yue and S. Ma, “LSTM-based transformer for transfer passenger flow forecasting between transportation integrated hubs in 
urban agglomeration,” Applied Sciences, vol. 13, no. 1, 2023, doi: 10.3390/app13010637. 

[121] C. Qin, R. Wu, G. Huang, J. Tao, and C. Liu, “A novel LSTM-autoencoder and enhanced transformer-based detection method for 

shield machine cutterhead clogging,” Science China Technological Sciences, vol. 66, no. 2, pp. 512–527, 2023,  
doi: 10.1007/s11431-022-2218-9. 

[122] E. T. Habtemariam, K. Kekeba, M. M.-Ballesteros, and F. M.-Álvarez, “A Bayesian optimization-based LSTM model for wind 

power forecasting in the Adama District, Ethiopia,” Energies, vol. 16, no. 5, 2023, doi: 10.3390/en16052317. 
[123] Z. Zhao et al., “Study on the prediction effect of a combined model of SARIMA and LSTM based on SSA for influenza in Shanxi 

Province, China,” BMC Infectious Diseases, vol. 23, no. 1, 2023, doi: 10.1186/s12879-023-08025-1. 
[124] I. D. Mienye and Y. Sun, “A deep learning ensemble with data resampling for credit card fraud detection,” IEEE Access, vol. 11, 

pp. 30628–30638, 2023, doi: 10.1109/ACCESS.2023.3262020. 

[125] K. Sabanci, “Benchmarking of CNN models and mobileNet-BiLSTM approach to classification of tomato seed cultivars,” 
Sustainability, vol. 15, no. 5, 2023, doi: 10.3390/su15054443. 

[126] S. M. M. Nejad, D. A.-Moghadam, A. Sharifi, N. Farmonov, K. Amankulova, and M. Laszlz, “Multispectral crop yield prediction 

using 3D-convolutional neural networks and attention convolutional LSTM approaches,” IEEE Journal of Selected Topics in 
Applied Earth Observations and Remote Sensing, vol. 16, pp. 254–266, 2023, doi: 10.1109/JSTARS.2022.3223423. 

[127] T. Nie, S. Wang, Y. Wang, X. Tong, and F. Sun, “An effective recognition of moving target seismic anomaly for security region 

based on deep bidirectional LSTM combined CNN,” Multimedia Tools and Applications, vol. 83, no. 22, pp. 61645–61658, 2023, 
doi: 10.1007/s11042-023-14382-5. 

[128] L. Wang, R. Xiao, J. Chen, L. Zhu, D. Shi, and J. Wang, “A slow feature based LSTM network for susceptibility assessment of 

acute mountain sickness with heterogeneous data,” Biomedical Signal Processing and Control, vol. 80, 2023,  
doi: 10.1016/j.bspc.2022.104355. 

[129] C. Su, Q. Yang, X. Wu, C. S. Lai, and L. L. Lai, “A two-terminal fault location fusion model of transmission line based on CNN-

multi-head-LSTM with an attention module,” Energies, vol. 16, no. 4, 2023, doi: 10.3390/en16041827. 
[130] S. V. and S. A., “LSTM-markov based efficient anomaly detection algorithm for IoT environment,” Applied Soft Computing,  

vol. 136, 2023, doi: 10.1016/j.asoc.2023.110054. 

[131] S. Tuli, S. S. Gill, P. Garraghan, R. Buyya, G. Casale, and N. Jennings, “START: straggler prediction and mitigation for cloud 
computing environments using encoder LSTM networks,” IEEE Transactions on Services Computing, pp. 1–1, 2021,  

doi: 10.1109/TSC.2021.3129897. 

[132] H. Zhang, C. Ma, Z. Jiang, and J. Lian, “Image caption generation using contextual information fusion with Bi-LSTM-s,” IEEE 
Access, vol. 11, pp. 134–143, 2023, doi: 10.1109/ACCESS.2022.3232508. 

[133] V. Rai, G. Gupta, S. Joshi, R. Kumar, and A. Dwivedi, “LSTM-based adaptive whale optimization model for classification of 

fused multimodality medical image,” Signal, Image and Video Processing, vol. 17, no. 5, pp. 2241–2250, 2023,  
doi: 10.1007/s11760-022-02439-1. 

[134] P. Gong, P. Wang, Y. Zhou, and D. Zhang, “A spiking neural network with adaptive graph convolution and LSTM for EEG-based 

brain-computer interfaces,” IEEE Transactions on Neural Systems and Rehabilitation Engineering, vol. 31, pp. 1440–1450, 2023, 
doi: 10.1109/TNSRE.2023.3246989. 

[135] P. Zhou, W. Liu, X. Zhang, and J. Wang, “Evaluating permafrost degradation in the Tuotuo river basin by MT-InSAR and LSTM 

methods,” Sensors, vol. 23, no. 3, 2023, doi: 10.3390/s23031215. 
[136] K. Yu, K. Yang, T. Shen, L. Li, H. Shi, and X. Song, “Estimation of earth rotation parameters and prediction of polar motion 

using hybrid CNN–LSTM model,” Remote Sensing, vol. 15, no. 2, 2023, doi: 10.3390/rs15020427. 

[137] T. Hou, H. Xing, X. Liang, X. Su, and Z. Wang, “A marine hydrographic station networks intrusion detection method based on 
LCVAE and CNN-BiLSTM,” Journal of Marine Science and Engineering, vol. 11, no. 1, 2023, doi: 10.3390/jmse11010221. 

[138] D. A. D. Júnior et al., “Detection of potential gas accumulations in 2D seismic images using spatio-temporal, PSO, and 

convolutional LSTM approaches,” Expert Systems with Applications, vol. 215, 2023, doi: 10.1016/j.eswa.2022.119337. 
[139] S.-H. Park et al., “Development of a soil moisture prediction model based on recurrent neural network long short-term memory 

(RNN-LSTM) in soybean cultivation,” Sensors, vol. 23, no. 4, p. 1976, Feb. 2023, doi: 10.3390/s23041976. 

[140] L. Li, F. Jin, D. Huang, and G. Wang, “Soil seismic response modeling of KiK-net downhole array sites with CNN and LSTM 
networks,” Engineering Applications of Artificial Intelligence, vol. 121, 2023, doi: 10.1016/j.engappai.2023.105990. 

[141] K. Guo, N. Wang, D. Liu, and X. Peng, “Uncertainty-aware LSTM based dynamic flight fault detection for UAV actuator,” IEEE 

Transactions on Instrumentation and Measurement, vol. 72, pp. 1–13, 2023, doi: 10.1109/TIM.2022.3225040. 
[142] K. A. Sathi, M. K. Hosain, M. A. Hossain, and A. Z. Kouzani, “Attention-assisted hybrid 1D CNN-BiLSTM model for predicting 

electric field induced by transcranial magnetic stimulation coil,” Scientific Reports, vol. 13, no. 1, 2023,  

doi: 10.1038/s41598-023-29695-6. 
[143] Z. Luo et al., “Laser welding penetration monitoring based on time-frequency characterization of acoustic emission and CNN-

LSTM hybrid network,” Materials, vol. 16, no. 4, 2023, doi: 10.3390/ma16041614. 

[144] T. G. Alexandru, A. Alexandru, F. D. Popescu, and A. Andraș, “The development of an energy efficient temperature controller for 

residential use and its generalization based on LSTM,” Sensors, vol. 23, no. 1, 2023, doi: 10.3390/s23010453. 



Int J Artif Intell  ISSN: 2252-8938  

 

A review on long short-term memory combination development (Ahmad Riyadi) 

4441 

[145] M. Simon, S. Rikka, S. Nomm, and V. Alari, “Application of the LSTM models for baltic sea wave spectra estimation,” IEEE 
Journal of Selected Topics in Applied Earth Observations and Remote Sensing, vol. 16, pp. 83–88, 2023,  

doi: 10.1109/JSTARS.2022.3220882. 

[146] I. de Pater and M. Mitici, “Developing health indicators and RUL prognostics for systems with few failure instances and varying 
operating conditions using a LSTM autoencoder,” Engineering Applications of Artificial Intelligence, vol. 117, 2023,  

doi: 10.1016/j.engappai.2022.105582. 

[147] Z. Wang, M. Huang, C. Li, J. Feng, S. Liu, and G. Yang, “Intelligent recognition of key earthquake emergency Chinese information 
based on the optimized BERT-BiLSTM-CRF algorithm,” Applied Sciences, vol. 13, no. 5, 2023, doi: 10.3390/app13053024. 

[148] P. Davidson, H. Trinh, S. Vekki, and P. Müller, “Surrogate modelling for oxygen uptake prediction using LSTM neural network,” 

Sensors, vol. 23, no. 4, 2023, doi: 10.3390/s23042249. 
[149] F. Hasan and H. Huang, “MALS-Net: A multi-head attention-based LSTM sequence-to-sequence network for socio-temporal 

interaction modelling and trajectory prediction,” Sensors, vol. 23, no. 1, 2023, doi: 10.3390/s23010530. 

[150] P. Qin, H. Li, Z. Li, W. Guan, and Y. He, “A CNN-LSTM car-following model considering generalization ability,” Sensors,  
vol. 23, no. 2, 2023, doi: 10.3390/s23020660. 

[151] J. Wang, S. Cheng, J. Tian, and Y. Gao, “A 2D CNN-LSTM hybrid algorithm using time series segments of EEG data for motor 

imagery classification,” Biomedical Signal Processing and Control, vol. 83, 2023, doi: 10.1016/j.bspc.2023.104627. 
[152] I. Rasheed, M. Asif, A. Ihsan, W. U. Khan, M. Ahmed, and K. M. Rabie, “LSTM-based distributed conditional generative 

adversarial network for data-driven 5G-enabled maritime UAV communications,” IEEE Transactions on Intelligent 

Transportation Systems, vol. 24, no. 2, pp. 2431–2446, 2023, doi: 10.1109/TITS.2022.3187941. 
[153] A. A. Almani and X. Han, “Real-time pricing-enabled demand response using long short-time memory deep learning,” Energies, 

vol. 16, no. 5, 2023, doi: 10.3390/en16052410. 

[154] B. Priyamvada et al., “Stacked CNN - LSTM approach for prediction of suicidal ideation on social media,” Multimedia Tools and 
Applications, vol. 82, no. 18, pp. 27883–27904, 2023, doi: 10.1007/s11042-023-14431-z. 

 

 

BIOGRAPHIES OF AUTHORS 

 

 

Ahmad Riyadi     received a bachelor's degree in Mathematics and a master's in 

Computers Science degree from Universitas Gadjah Mada, Indonesia. He is a doctoral student 

in Computer Science at Universitas Gadjah Mada, Indonesia. He is an Assistant Professor at 

the Department of Informatics, Faculty of Science and Technology Universitas PGRI 

Yogyakarta. His research interests include artificial intelligence and software engineering. He 

can be contacted at email: ahmadriyadi@upy.ac.id. 

  

 

Nur Rokhman     holds a doctor in Computer Science from the Department of 

Computer Science and Electronics Universitas Gadjah Mada, Yogyakarta, Indonesia. Master 

and undergraduate in Computer Science from the Department of Computer Science and 

Electronics, Universitas Gadjah Mada, Yogyakarta, Indonesia. He is an Associate Professor at 

the Department of Computer Science and Electronics, Universitas Gadjah Mada, Yogyakarta, 

Indonesia. His research interest includes computation, numerical method, parallel processing, 

and information systems. He can be contacted at email: nurrokhman@ugm.ac.id. 

  

 

Lukman Heryawan     received a Doctor in Social Informatics, Kyoto University, 

Japan, master's and undergraduate in Informatics Engineering, STEI ITB Bandung, Indonesia. 

He is an Assistant Professor at the Department of Computer Science and Electronics 

Universitas Gadjah Mada, Yogyakarta, Indonesia. His research interest includes medical 

informatics, artificial intelligence, human-agent interaction. He can be contacted at email: 

lukmanh@ugm.ac.id. 

 

https://orcid.org/0000-0002-9176-9768
https://scholar.google.com/citations?user=42X83vwAAAAJ&hl=en
https://www.scopus.com/authid/detail.uri?authorId=57222726607
https://www.webofscience.com/wos/author/record/KEZ-8717-2024
https://orcid.org/0009-0000-0508-7086
https://scholar.google.co.id/citations?hl=en&user=W58AawoAAAAJ
https://www.scopus.com/authid/detail.uri?authorId=57090804800
https://www.webofscience.com/wos/author/record/31833263
https://orcid.org/0000-0001-5038-0839
https://scholar.google.co.id/citations?hl=en&user=V_iMAWYAAAAJ
https://www.scopus.com/authid/detail.uri?authorId=57189242499
https://www.webofscience.com/wos/author/record/80209828

