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 Machine learning in traffic control for intelligent transportation systems 

(ML-ITSTC) aims to enhance user coordination and safety within 

transportation networks, ultimately improving overall traffic system 

performance. ML-ITSTC is achieved by leveraging data to execute machine 

learning algorithms in intelligent transportation management and optimizing 

traffic flow to prevent or reduce congestion. This paper conducts 

bibliometric analysis to explain the research status, development trajectory, 

and challenges of ML-ITSTC, drawing insights from literature in the Scopus 

database literature covering 2013 to November 2023. The bibliometric 

analysis of ML-ITSTC includes: performance analysis, science mapping 

analysis, and citation analysis. The evaluation of ML algorithm trends over 

the 10-year span indicates that traffic prediction (TP), neural networks, and 

deep learning are frequently used keywords. Further, an examination of 

keywords used over the entire period and in 2023 (up to November) shows 

that reinforcement learning (RL) is the latest popular approach for traffic 

control in transportation. The results provide a comprehensive view of the 

opportunities and challenges in ML-ITSTC, covering data, models, and 

applications, offering researchers insights into the current and future 

directions of ML-ITSTC research. 
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1. INTRODUCTION  

Intelligent transportation systems (ITS) are built to increase safety and efficiency in transportation 

by addressing various traffic-related issues, such as traffic management, accident prevention, toll roads, 

parking systems, and pollution control [1], [2]. The advantage of ITS is its cost-effectiveness through a 

method of controlling traffic operations without requiring additions or modifications to existing road 

facilities [3], [4]. ITS combines advanced technologies such as electronic sensor technology, data 

transmission technology, and intelligent control technology, resulting in big data [5], [6]. However, problems 

with big data include data storage, data analysis, and data management. Combining diverse and big data 

obtained from ITS with machine learning (ML) increases accuracy and expedites data analysis [7]. 

The ML algorithm processes data through several stages, including regression, classification, 

clustering, and determining association rules [8]. It identifies relationships between features and outputs, 

namely labelling, patterns, and makes decisions based on particular data, involved in the transportation 

sector. In recent years, many papers worldwide have focused on exploring the research status of ML 

algorithms applied in ITS. For instance, ML is used in urban transportation to prevent vehicle congestion 

through predictive vehicle analysis [9], [10]. Chen et al. [11] introduced deep learning (DL) for real-time 
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vehicle counting, which can further predict traffic flow using convolutional neural network (CNN) and graph 

convolutional neural network (GCNN) [12], [13]. Moreover, ML can be applied on highways for vehicle 

trajectory prediction while line changing [14]. 

Based on the multitude of studies about ML-ITS topics, a bibliometric review study is essential to 

providing a holistic understanding of the research landscape in this area. Bibliometric review is a method to 

explore and analyze large amounts of scientific data, providing an overview of journal development and 

evolution [15]. Several studies have explored bibliometric analysis in the ITS area, such as big data topics in 

ITS [16], ML in general as the primary topic [17], and reinforcement learning (RL) for transportation [18]. 

Other studies have used database IEEE transactions on intelligent transportation systems (T-ITS) with 

varying spans of years to see research trends related to ITS [19], [20]. According to Tomaszewska and Florea 

[21], bibliometric using to identify trends based on urban smart mobility scientific literature based on Web of 

Science and Scopus databases. 

However, none of these studies has been conducted on bibliometrics regarding the use of ML in 

traffic control for intelligent transportation systems (ML-ITSTC). This study quantitatively and visually 

analyzes the academic landscape, research trends, and knowledge dissemination paths in ML-ITSTC. 

Bibliometric analysis involves ranking and evaluating the journal’s lifespan over 10 years, guiding to readers, 

authors, and reviewers with an overview of the development and evolution of ML-ITSTC topic journals. 

Clustering based on keywords is done to illustrate the growth trend of publications and research patterns in 

ML-ITSTC spans 2013 to November 2023.  

This paper is organized as follows: an explanation of the data source and method used in this 

bibliometric study is presented in section 2. Section 3 reviews the results of the bibliometric analysis, which 

has been divided into three sections: section 3.1 focuses on the statistical performance, section 3.2 presents 

the visualization of bibliographic coupling, and section 3.3 examines the research publication trends. Finally, 

the conclusion of our findings and points for some future recommendations are given in section 4. 

 

 

2. METHOD 

This study aims to determine the research status, development, and trends of ML-ITSTC by 

analyzing literature from the Scopus database. Scopus is regarded as one of the largest curated databases 

selected through a content selection process with continuous re-evaluation [22], [23]. Figure 1 illustrates the 

flow of research methods and protocols. In this bibliometric study, we did not directly address the ML 

algorithm topic but focused on the areas encompassed by the topic, including DL, supervised learning (SL), 

unsupervised learning (UL), RL, and evolutionary learning (EL) [10]. Consequently, the bibliometric method 

was implemented using the specified keywords: (TITLE-ABS-KEY(intelligent AND transportation AND 

system) AND TITLE-ABS-KEY(traffic AND control) AND TITLE-ABS-KEY(deep AND learning) OR 

TITLE-ABS-KEY(supervised AND learning) OR TITLE-ABS-KEY(unsupervised AND learning) OR 

TITLE-ABS-KEY(reinforcement AND learning) OR TITLE-ABS-KEY(evolutionary AND learning)). 

The selected bibliometric analysis utilizes co-word analysis, focusing on describing thematic 

relationships among words that frequently appear together in “author’s keywords,” “article title,” and 

“abstract” [15]. The document search is limited to a 10-year period from 2013 to 2022. Subsequently, subject 

categorizations were focused on computer science, engineering, and mathematics, while the remainder 

covered social science, energy, environmental science, and neuroscience. The application of keywords and 

limitations in the search on Scopus yielded 494 documents, including 236 conference proceedings,  

215 journals, and 43 book series, all written in English. The dataset, collected in comma-separated values 

(CSV) format, was processed using Microsoft Excel to examine trends and patterns of research publications 

over a specific period [23]. 

In the following processing stage, keyword pre-processing was carried out by combining synonyms 

and terms into a standard form using OpenRefine. This software is used to clean and filter data through 

various methods while offering compatibility with several secondary data sources [24], [25]. In this study, the 

evolution of ML-ITSTC publications over a certain period can be seen using keywords. VOSviewer was used 

as a co-occurrence network mapper to create a bibliometric map to visualize the relationship between 

keywords in each publication within the bibliometric network for future examination [17], [18]. The research 

involved analyzing and mapping article data related to trends in the number of papers each year, authors, 

locations, institutions, publishers, citations, and keywords. This study conducted a co-occurrence analysis, 

emphasizing the frequency of keyword occurrences (OC) in core papers that significantly impact the  

ML-ITSTC field within the network [26]. Furthermore, measure the range and intensity of influence of a 

node in the network using total link strength (TLS) [27]. Following the analysis, the results were organized 

and presented in map form, complete with network connections and color differentiation. In a network map, 

larger circles of the same color signify greater influence and relevance of a keyword compared to others  

[28], [29]. If two or more papers cite the same document, connections are established between these papers, 
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forming new clusters. We restricted the search scope by adding the specific keyword “traffic control” in the 

ML-ITSTC Scopus database from 2013 to 2022. This approach aimed to identify the most influential 

publications solely on the application of traffic control within the ML-ITSTC domain. 

 

 

 
 

Figure 1. Research methodology flowchart 

 

 

3. RESULTS AND DISCUSSION  

3.1.  Performance bibliometric analysis of ML-ITSTC 

Figure 2 illustrates the annual trend in document production from 2013 to 2022, highlighting the 

growth in publications related to ML-ITSTC. This trend, spanning 10 years, can be categorized into three 

distinct phases: the emerging phase, the pick-up phase, and the rapid development phase [30]. From  

2013 to 2015, there was a low increase of less than five additional documents per year, characterizing this 

period as the emerging phase. Then, in the pick-up phase from 2016 to 2018, an increase in the document 

count occurred, surpassing 10 to 30 documents per year. The rapid development phase from 2019 to 2022 is 

marked by substantial growth, exceeding 60 to 100 documents per year. 

 

 

 
 

Figure 2. Numbers of papers in the field of ML-ITSTC 
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Further exploration was conducted to provide in-depth bibliometric analysis by observing the most 

significant variables in the field of ML-ITSTC. Figure 3 displays bar graphs presenting the top 10 rankings 

based on affiliated colleges or institutions, authors, and publication sources. Figure 3(a) shows the top  

10 leading affiliated colleges or institutions, resulting in the Chinese Academy of Sciences leading with  

18 papers in 10 years. Notably, most of the top 10 affiliate rankings are occupied by colleges or institutions 

from China. Figure 3(b) illustrates the top 10 authors most productive with ML-ITSTC topics. Over the past 

decade, the most prolific writers have been Feiyue Wang and Edouard Ivanjko, who have produced seven 

documents specifically related to TC using ML. Wang is associated with the Chinese Academy of Sciences 

in Beijing, China, while Edouard Ivanjko is affiliated with the University of Zagreb, Faculty of Transport and 

Traffic Sciences, Zagreb, Croatia. Concurrently, Figure 3(c) shows the top 10 leading sources delivering the 

IEEE Transactions on Intelligent Transportation Systems emerge as the most significant publication source, 

contributing 50 documents to the Scopus dataset. 

 

 

 
(a) 

 

 

(b) 

 

 

(c) 

 

Figure 3. Number of publications indexed from 2013 to 2022, (a) top 10 leading affiliations, (b) top 10 

leading authors, and (c) top 10 leading sources, in the field of ML-ITSTC 
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3.2.  Science mapping analysis of ML-ITSTC 

Figure 4 illustrates a VOSviewer map representing network relationships between keywords from 

the author’s work. In the Scopus database, which comprises 494 documents, requiring a minimum of 5 OC 

for inclusion, a threshold of 46 was obtained. Figure 4 shows three clusters: ITS-RL, DL-traffic flow 

prediction (TFP), and traffic forecasting (TF). In the ITS-RL map network, the 4 keywords with the strongest 

relationships are ITS (OC=141, TLS=263), RL (OC=62, TLS=102), ML (OC=42, TLS=83), and traffic 

signal control (TSC) (OC=28, TLS=55). For the DL-TFP group, the top keywords are DL (OC=146, 

TLS=224), TFP (OC=54, TLS=93), CNN (OC=28, TLS=59), and short-term memory (STM) (OC=24, 

TLS=59). In the smallest network map, traffic forecasting consists of TF (OC=13, TLS=27), deep neural 

networks (DNN) (OC=10, TLS=15), recurrent neural networks (RNN) (OC=6, TLS=15), and graph 

convolutional network (GCN) (OC=17, TLS=32). 

To visualize the research development trends during 2013 to 2022, keyword network maps were 

created by dividing them into period 1 (2013 to 2017) and period 2 (2018 to 2022) using VOSviewer, as seen 

in Figure 5. Figure 5 shows period 1, with 66 documents limited to requiring a minimum of 5 OC for 

inclusion, a threshold of 8 was obtained. This resulted in 8 main clusters, dominant keyword trends include 

TFP (OC=6, TLS=9), DL (OC=4, TLS=17), and CNN (OC=5, TLS=8). Figure 6 displays period 2 with  

428 documents applying a threshold of 42, which required a minimum of 5 OC for inclusion, resulted in  

24 main clusters. The majority of research progress related to ML-ITSTC at the end of 2021 to 2022 

encompasses topics such as deep reinforcement learning (DRL) (OC=31, TLS=45), TSC (OC=26, TLS=49), 

multi-agent systems (MAS) (OC=8, TLS=19), artificial intelligence (AI) (OC=12, TLS=24), and GCN 

(OC=9, TLS=11). 
 

 

 
 

Figure 4. Co-occurrence network of keywords for the period 2013 to 2022 
 

 

 
 

Figure 5. Co-occurance network of keywords period 1 (2013 to 2017) 
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Figure 6. Co-occurance network of keywords period 2 (2018-2022) 

 

 

In the end, we must know the newest keyword used in the ML-ITSTC topic as of 2023. Figure 7 

illustrates the detailed evolution of ML-ITSTC research through keyword network mapping, which was 

conducted covering from January to November 2023. As a result, 119 papers related to ML-ITSTC have been 

published. Using VOSviewer with a minimum occurrence value of 5, 17 frequently appearing keywords were 

identified. The newly emerging keywords in 2023 with the highest frequencies include traffic prediction (TP) 

(OC=9, TLS=12), TC (OC=5, TLS=5), graph neural network (GNN) (OC=7, TLS=6), and long short-term 

memory (LSTM) (OC=5, TLS=7). 

 

 

 
 

Figure 7. Co-occurrence network of keywords for 2023 (until November) 
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3.3.  Citation analysis of ML-ITSTC 

Citation analysis was conducted to identify the most influential publications specifically focused on 

traffic control applications within the ML-ITSTC domain. The top two most cited papers are research on 

communication systems, encompassing a survey of ML applications in networks and security for 6G [31] and 

the internet of connected vehicles (IoCV) in 5G networks for traffic control systems (TCS) [32]. The third and 

further highly cited papers are explorations into TC research. The studies about the smart traffic management 

platform (STMP) are a platform can analyze and control real-time and adaptive traffic using various 

heterogeneous data sources, including internet of things (IoT), smart sensors, and social media [7]. Other TC 

studies that control vehicles entering the freeway through reinforcement learning control agent (RLCA) 

algorithm in freeway ramp-metering [33]. A similar RL algorithm is used in the TC model to determine 

precise timing parameters in traffic scenarios [34]. Jin et al. [35] conducted urban TC research using a  

human-in-the-loop parallel learning framework. TCS not only has theoretical concepts, but it can also be built 

with a game called GamePlan, which prioritizes drivers based on their aggressiveness or impatience [36]. 

Moreover, we identified publications using the same keyword previously mentioned in the  

ML-ITSTC Scopus database during the period January to November 2023 to examine the newest research 

trend. Out of the 119 documents we found, 7 publications relevant to this keyword are listed in Table 1. Based 

on the contribution of novel ML techniques to ITS applications from each publication listed in Table 1, we can 

observe that these publications focus on developing DRL methods. The publications focus on optimizing 

traffic light control (TLC) using different DRL techniques, such as LSTM algorithm as a single agent to 

control the centralized grid [37], [38], DNNs algorithm to train deep q-learning (DQN) agents [38], and 

combining TLC with autonomous vehicles (AV) using multi-agent hierarchical RL framework methods [39]. 

Furthermore, vehicle control methods can be applied on freeways, such as controlling maximum vehicle speed 

admission using variable speed limit (VSL) with a multi-agent proximal policy optimization (MAPPO) 

method [40] and optimizing traffic flow and minimizing delays by controlling ramp meters and adaptive 

headway cruise control (ACC) through adaptive headway RL and DRL controllers [41]. TC is not limited to 

urban road traffic; it can also be applied in railways as developing new mathematical traffic models for train 

and passenger dynamics using a new double deep q-network (DDQN) model [42]. Another study explored the 

basic TC strategy model using macroscopic fundamental diagrams (MFD), employing DRL agents, and 

applying Bang-Bang policies for two- and three-region perimeter control [43]. 

 

 

Table 1. The most influential ML-ITSTC publications (January to November 2023) 
Author Methods Application 

Wu et al. [37] DRL, LSTM TLC on urban road 

SenthilPrabha et al. [38] DQN, DNNs TLC on urban road 

Sun et al. [39] GNN, DQN, GCN TLC with AV 
Zhang et al. [40] MAPPO VSL on freeways 

Elmorshedy et al. [41] DNNs, DRL, PPO Ramp meters and ACC on freeways 

Khozam et al. [42] DDQN Traffic control for train and passenger 
dynamics on mass transit 

Zhou and Gayah [43] C-RL, Bang-bang type deep-RL controller, 

domain control knowledge (DCK) 

Regional traffic dynamics 

 

 

4. CONCLUSION 

This paper conducts a bibliometric analysis of the Scopus database in ML-ITSTC technology to 

evaluate the weighted and cumulative technology evolution during the 2013 to 2022 period, resulting in  

494 documents. Performance bibliometric analysis shows a slow increase in the volume of published papers 

from 2013 to 2015, followed by rapid and nearly exponential growth since 2016, particularly in 2018. 

According to statistical data, China leads the top ten countries with the highest publication volume, with 

Feiyue Wang and Edouard Ivanjko stand out as the most prolific authors, and IEEE Transactions on 

Intelligent Transportation Systems became the top-pick publication source. Co-occurrence network of 

keyword maps was used for the science mapping analysis of ML-ITSTC, resulting in three clusters: ITS-RL, 

DL-TFP, and TF. Evaluation trends in ML algorithms over 10 years reveal that TP, neural network and DL 

are keywords that appear more frequently than others. Furthermore, analyzing frequently used keywords over 

a 10-year period and throughout 2023 (until November) reveals that RL algorithm is the latest popular 

technology in transportation traffic control using ML. The application of RL algorithms is not limited to 

urban roads but extends to the aviation sector, freeways, and railways. In the end, this study did not conduct a 

detailed literature review of ML-ITSTC, which suggests potential exploration in future research. Subsequent 

studies could enhance database retrieval by incorporating additional sources like Google Scholar, Microsoft 

Academic, PubMed, and Web of Science to gather comprehensive data on ML-ITSTC-related research. 



Int J Artif Intell  ISSN: 2252-8938  

 

Trend analysis of machine learning techniques for traffic control based on bibliometrics (Hilda Luthfiyah) 

2409 

FUNDING INFORMATION 

Authors state no funding involved. 

 

 

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 

Hilda Luthfiyah ✓ ✓ ✓  ✓ ✓  ✓ ✓ ✓ ✓  ✓  

Eko S. Hasrito ✓ ✓ ✓ ✓ ✓   ✓  ✓  ✓  ✓ 

Tri Widodo ✓ ✓  ✓     ✓ ✓  ✓  ✓ 

Sofwan Hidayat    ✓ ✓ ✓    ✓  ✓ ✓ ✓ 

Okghi Adam Qowiy  ✓ ✓  ✓ ✓  ✓ ✓ ✓ ✓  ✓  

 

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 

Authors state no conflict of interest. 

 

 

DATA AVAILABILITY 

The data that support the findings of this study are available from the corresponding author [HL], 

upon reasonable request. 

 

 

REFERENCES 
[1] Y. Sabri and N. El Kamoun, “Traffic management in vehicular adhoc networks using hybrid deep neural networks and mobile 

agents,” IAES International Journal of Artificial Intelligence (IJ-AI), vol. 12, no. 1, pp. 114-123, Mar. 2023,  

doi: 10.11591/ijai.v12.i1.pp114-123. 

[2] T. Garg and G. Kaur, “A systematic review on intelligent transport systems,” Journal of Computational and Cognitive 
Engineering, vol. 2, no. 3, pp. 175–188, Jun. 2022, doi: 10.47852/bonviewJCCE2202245. 

[3] M. L. Mfenjou, A. A. A. Ari, W. Abdou, F. Spies, and Kolyang, “Methodology and trends for an intelligent transport system in 

developing countries,” Sustainable Computing: Informatics and Systems, vol. 19, pp. 96–111, Sep. 2018,  
doi: 10.1016/j.suscom.2018.08.002. 

[4] H. Liu, C. Claudel, and R. Machemehl, “Robust traffic control using a first order macroscopic traffic flow model,” IEEE 

Transactions on Intelligent Transportation Systems, vol. 23, no. 7, pp. 8048–8062, Jul. 2022, doi: 10.1109/TITS.2021.3075225. 
[5] S. Fernandez, R. Hadfi, T. Ito, I. Marsa-Maestre, and J. Velasco, “Ontology-based architecture for intelligent transportation 

systems using a traffic sensor network,” Sensors, vol. 16, no. 8, Aug. 2016, doi: 10.3390/s16081287. 

[6] L. Zhu, F. R. Yu, Y. Wang, B. Ning, and T. Tang, “Big data analytics in intelligent transportation systems: a survey,” IEEE 
Transactions on Intelligent Transportation Systems, vol. 20, no. 1, pp. 383–398, Jan. 2019, doi: 10.1109/TITS.2018.2815678. 

[7] D. Nallaperuma et al., “Online incremental machine learning platform for big data-driven smart traffic management,” IEEE 

Transactions on Intelligent Transportation Systems, vol. 20, no. 12, pp. 4679–4690, Dec. 2019,  
doi: 10.1109/TITS.2019.2924883. 

[8] F. Zantalis, G. Koulouras, S. Karabetsos, and D. Kandris, “A review of machine learning and IoT in smart transportation,” 

Future Internet, vol. 11, no. 4, Apr. 2019, doi: 10.3390/fi11040094. 
[9] M. Saleem, S. Abbas, T. M. Ghazal, M. A. Khan, N. Sahawneh, and M. Ahmad, “Smart cities: fusion-based intelligent traffic 

congestion control system for vehicular networks using machine learning techniques,” Egyptian Informatics Journal, vol. 23,  

no. 3, pp. 417–426, Sep. 2022, doi: 10.1016/j.eij.2022.03.003. 
[10] A. Boukerche and J. Wang, “Machine learning-based traffic prediction models for intelligent transportation systems,” Computer 

Networks, vol. 181, Nov. 2020, doi: 10.1016/j.comnet.2020.107530. 

[11] C. Chen, B. Liu, S. Wan, P. Qiao, and Q. Pei, “An edge traffic flow detection scheme based on deep learning in an intelligent 
transportation system,” IEEE Transactions on Intelligent Transportation Systems, vol. 22, no. 3, pp. 1840–1852, Mar. 2021,  

doi: 10.1109/TITS.2020.3025687. 

[12] Z. Qu, X. Liu, and M. Zheng, “Temporal-spatial quantum graph convolutional neural network based on schrödinger approach 
for traffic congestion prediction,” IEEE Transactions on Intelligent Transportation Systems, vol. 24, no. 8, pp. 8677–8686,  

Aug. 2023, doi: 10.1109/TITS.2022.3203791. 

[13] Y. Xu, X. Cai, E. Wang, W. Liu, Y. Yang, and F. Yang, “Dynamic traffic correlations based spatio-temporal graph 
convolutional network for urban traffic prediction,” Information Sciences, vol. 621, pp. 580–595, Apr. 2023,  

doi: 10.1016/j.ins.2022.11.086. 



                ISSN: 2252-8938 

Int J Artif Intell, Vol. 14, No. 3, June 2025: 2402-2411 

2410 

[14] C. Dong, H. Wang, Y. Li, X. Shi, D. Ni, and W. Wang, “Application of machine learning algorithms in lane-changing model for 

intelligent vehicles exiting to off-ramp,” Transportmetrica A: Transport Science, vol. 17, no. 1, pp. 124–150, Jan. 2021,  
doi: 10.1080/23249935.2020.1746861. 

[15] N. Donthu, S. Kumar, D. Mukherjee, N. Pandey, and W. M. Lim, “How to conduct a bibliometric analysis: an overview and 

guidelines,” Journal of Business Research, vol. 133, pp. 285–296, Sep. 2021, doi: 10.1016/j.jbusres.2021.04.070. 
[16] S. Kaffash, A. T. Nguyen, and J. Zhu, “Big data algorithms and applications in intelligent transportation system: a review and 

bibliometric analysis,” International Journal of Production Economics, vol. 231, Jan. 2021, doi: 10.1016/j.ijpe.2020.107868. 

[17] D. O. Oyewola and E. G. Dada, “Exploring machine learning: a scientometrics approach using bibliometrix and VOSviewer,” 
SN Applied Sciences, vol. 4, no. 5, May 2022, doi: 10.1007/s42452-022-05027-7. 

[18] C. Li, L. Bai, L. Yao, S. T. Waller, and W. Liu, “A bibliometric analysis and review on reinforcement learning for transportation 

applications,” Transportmetrica B: Transport Dynamics, vol. 11, no. 1, Dec. 2023, doi: 10.1080/21680566.2023.2179461. 
[19] X. Sun, S. Ge, X. Wang, H. Lu, and E. Herrera-Viedma, “A bibliometric analysis of IEEE T-ITS literature between 2010 and 

2019,” IEEE Transactions on Intelligent Transportation Systems, vol. 23, no. 10, pp. 17157–17166, Oct. 2022,  

doi: 10.1109/TITS.2022.3154098. 
[20] R. L. Abduljabbar and H. Dia, “A bibliometric overview of IEEE transactions on intelligent transportation systems  

(2000–2021),” IEEE Transactions on Intelligent Transportation Systems, vol. 23, no. 9, pp. 14066–14087, Sep. 2022,  

doi: 10.1109/TITS.2021.3136215. 
[21] E. J. Tomaszewska and A. Florea, “Urban smart mobility in the scientific literature-bibliometric analysis,” Engineering 

Management in Production and Services, vol. 10, no. 2, pp. 41–56, Jun. 2018, doi: 10.2478/emj-2018-0010. 

[22] V. K. Singh, P. Singh, M. Karmakar, J. Leta, and P. Mayr, “The journal coverage of Web of Science, Scopus and Dimensions: a 
comparative analysis,” Scientometrics, vol. 126, no. 6, pp. 5113–5142, Jun. 2021, doi: 10.1007/s11192-021-03948-5. 

[23] D. Sofyan, K. H. Abdullah, and N. Gazali, “A bibliometric review of basketball game: publication trends over the past five 

decades,” ASM Science Journal, vol. 17, pp. 1–12, Dec. 2022, doi: 10.32802/asmscj.2022.1277. 
[24] R. P.-A. Dessislava and Tancheva, “Data cleaning: a case study with OpenRefine and trifacta wrangler,” in Quality of 

Information and Communications Technology, 2020, pp. 32–40, doi: 10.1007/978-3-030-58793-2_3. 
[25] M. Miller and N. Vielfaure, “OpenRefine: an approachable open tool to clean research data,” Bulletin - Association of Canadian 

Map Libraries and Archives (ACMLA), no. 170, Mar. 2022, doi: 10.15353/acmla.n170.4873. 

[26] J. Siderska and K. S. Jadaan, “Cloud manufacturing: a service-oriented manufacturing paradigm. A review paper,” Engineering 
Management in Production and Services, vol. 10, no. 1, pp. 22–31, Mar. 2018, doi: 10.1515/emj-2018-0002. 

[27] Y. Chen, W. Wang, and X. M. Chen, “Bibliometric methods in traffic flow prediction based on artificial intelligence,” Expert 

Systems with Applications, vol. 228, Oct. 2023, doi: 10.1016/j.eswa.2023.120421. 
[28] S. H. H. Shah, S. Lei, M. Ali, D. Doronin, and S. T. Hussain, “Prosumption: bibliometric analysis using HistCite and 

VOSviewer,” Kybernetes, pp. 1-27, Aug. 2019, doi: 10.1108/K-12-2018-0696. 

[29] E. Glińska and D. Siemieniako, “Binge drinking in relation to services – bibliometric analysis of scientific research directions,” 
Engineering Management in Production and Services, vol. 10, no. 1, pp. 45–54, Mar. 2018, doi: 10.1515/emj-2018-0004. 

[30] Y. Zhang, W. C. Choo, Y. A. Aziz, C. L. Yee, and J. S. Ho, “Go wild for a while? a bibliometric analysis of two themes in 

tourism demand forecasting from 1980 to 2021: current status and development,” Data, vol. 7, no. 8, Jul. 2022,  
doi: 10.3390/data7080108. 

[31] F. Tang, Y. Kawamoto, N. Kato, and J. Liu, “Future intelligent and secure vehicular network toward 6G: machine-learning 

approaches,” Proceedings of the IEEE, vol. 108, no. 2, pp. 292–307, Feb. 2020, doi: 10.1109/JPROC.2019.2954595. 
[32] Z. Ning et al., “Joint computing and caching in 5G-envisioned internet of vehicles: a deep reinforcement learning-based traffic 

control system,” IEEE Transactions on Intelligent Transportation Systems, vol. 22, no. 8, pp. 5201–5212, Aug. 2021,  

doi: 10.1109/TITS.2020.2970276. 
[33] A. Fares and W. Gomaa, “Freeway ramp-metering control based on reinforcement learning,” in 11th IEEE International 

Conference on Control & Automation (ICCA), Jun. 2014, pp. 1226–1231, doi: 10.1109/ICCA.2014.6871097. 

[34] D. A. Vidhate and P. Kulkarni, “Cooperative multi-agent reinforcement learning models (CMRLM) for intelligent traffic 
control,” in 2017 1st International Conference on Intelligent Systems and Information Management (ICISIM), Oct. 2017,  

pp. 325–331, doi: 10.1109/ICISIM.2017.8122193. 

[35] J. Jin, H. Guo, J. Xu, X. Wang, and F.-Y. Wang, “An end-to-end recommendation system for urban traffic controls and 
management under a parallel learning framework,” IEEE Transactions on Intelligent Transportation Systems, vol. 22, no. 3,  

pp. 1616–1626, Mar. 2021, doi: 10.1109/TITS.2020.2973736. 

[36] R. Chandra and D. Manocha, “GamePlan: game-theoretic multi-agent planning with human drivers at intersections, 
roundabouts, and merging,” IEEE Robotics and Automation Letters, vol. 7, no. 2, pp. 2676–2683, Apr. 2022,  

doi: 10.1109/LRA.2022.3144516. 

[37] J. Wu, Y. Ran, Y. Lou, and L. Shu, “CenLight: centralized traffic grid signal optimization via action and state decomposition,” 
IET Intelligent Transport Systems, vol. 17, no. 6, pp. 1247–1261, Jun. 2023, doi: 10.1049/itr2.12354. 

[38] S. R, D. Sasikumar, G. Sriram, K. Nelson, and P. Harish, “Smart traffic management system through optimized network 

architecture for the smart city paradigm shift,” in 2023 International Conference on Intelligent Systems for Communication, IoT 
and Security (ICISCoIS), Feb. 2023, pp. 700–705, doi: 10.1109/ICISCoIS56541.2023.10100338. 

[39] Q. Sun, L. Zhang, H. Yu, W. Zhang, Y. Mei, and H. Xiong, “Hierarchical reinforcement learning for dynamic autonomous 

vehicle navigation at intelligent intersections,” in Proceedings of the 29th ACM SIGKDD Conference on Knowledge Discovery 
and Data Mining, New York, USA: ACM, Aug. 2023, pp. 4852–4861, doi: 10.1145/3580305.3599839. 

[40] Y. Zhang et al., “Cooperative multi-agent reinforcement learning for large scale variable speed limit control,” in 2023 IEEE 

International Conference on Smart Computing (SMARTCOMP), Jun. 2023, pp. 149–156,  
doi: 10.1109/SMARTCOMP58114.2023.00036. 

[41] L. Elmorshedy, I. Smirnov, and B. Abdulhai, “Freeway congestion management with reinforcement learning headway control of 

connected and autonomous vehicles,” Transportation Research Record: Journal of the Transportation Research Board,  
vol. 2677, no. 7, pp. 340–358, Jul. 2023, doi: 10.1177/03611981231152459. 

[42] S. Khozam and N. Farhi, “Deep reinforcement q-learning for intelligent traffic control in mass transit,” Sustainability, vol. 15,  

no. 14, Jul. 2023, doi: 10.3390/su151411051. 
[43] D. Zhou and V. V. Gayah, “Improving deep reinforcement learning-based perimeter metering control methods with domain 

control knowledge,” Transportation Research Record: Journal of the Transportation Research Board, vol. 2677, no. 7,  

pp. 384–405, Jul. 2023, doi: 10.1177/03611981231152466. 



Int J Artif Intell  ISSN: 2252-8938  

 

Trend analysis of machine learning techniques for traffic control based on bibliometrics (Hilda Luthfiyah) 

2411 

BIOGRAPHIES OF AUTHORS 

 

 

Hilda Luthfiyah     is an engineering staff at National Research and Innovation 

Agency (BRIN), Banten, Indonesia. She received her S.T. degree in physic technic from 

Sepuluh Nopember Technology Institute in 2010 and M.T. degree in electrical engineering 

from Universitas Indonesia in 2016. Her research interest includes the field of control 

engineering include power electronics and system transportation. She can be contacted at email: 

hilda.luthfiyah@brin.go.id. 

  

 

Eko Syamsuddin Hasrito     is a leader of the Research Group at National Research 

and Innovation Agency (BRIN). He received his B.Eng. and M.Eng. in electronics engineering 

from Ehime University, Japan in 1994 and 1996 respectively. He received his DR.Eng. in 

information science from Chiba University, Japan in 2001. He joined the agency for the 

Assessment and Application of Technology, Indonesia from 1988, which is currently merged 

into the National Research and Innovation Agency, Indonesia, for more than thirty-four years 

with a focus on research on telecommunication protocols and control system design for military 

vehicles products and transportation system vehicles. He can be contacted at email: 

ekos003@brin.go.id. 

  

 

Tri Widodo     is an engineering staff at National Research and Innovation Agency 

(BRIN), Indonesia. He received his bachelor degree in electrical engineering from Brawijaya 

University-Malang 1991 and master degree in system engineering from Ibaraki University-

Japan 2001. His research interest in the field of intelligent transportation system (ITS). He can 

be contacted at email: triw005@brin.go.id. 

  

 

Sofwan Hidayat     is a principal engineer in Research Center for Transportation 

Technology (PRRT), National Research and Innovation Agency (BRIN), Serpong, South 

Tangerang, Indonesia. He received undergraduate engineer of electrical engineering at Sepuluh 

November Institut of Technology Surabaya (ITS) in 1987 and master graduate of electrical 

engineering at Takushoku University, Tokyo, Japan in 1995. His research interests include the 

field of power engineering. He can be contacted at email: sofwan.hidayat@brin.go.id. 

  

 

Okghi Adam Qowiy     is an engineering staff in Research Center for Transportation 

Technology (PRTT) at National Research and Innovation Agency (BRIN), Banten, Indonesia. 

He received his bachelor’s degree in electrical engineering from Gunadarma University in 

2015. His research interests include the field of power electronics devices, microelectronic and 

integrated circuits, and electrical machine design and imulation. He can be contacted at email: 

okghi.adam.qowiy@brin.go.id. 

 

https://orcid.org/0000-0001-8029-9353
https://scholar.google.com/citations?user=XwfwhRwAAAAJ
https://www.scopus.com/authid/detail.uri?authorId=58524942300
https://orcid.org/0009-0001-6736-9713
https://scholar.google.com/citations?hl=en&user=Jl3qJ6UAAAAJ
https://www.scopus.com/authid/detail.uri?authorId=57991291500
https://orcid.org/0000-0002-7961-187X
https://scholar.google.com/citations?user=l0JBL9AAAAAJ&hl=en
https://www.scopus.com/authid/detail.uri?authorId=57218354471
https://orcid.org/0000-0002-2390-071X
https://scholar.google.com/citations?user=7mHv3fcAAAAJ
https://www.scopus.com/authid/detail.uri?authorId=58524503300
https://orcid.org/0000-0003-3891-2235
https://scholar.google.com/citations?user=Ea0zHVkAAAAJ
https://www.scopus.com/authid/detail.uri?authorId=58524942400

