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1|Introduction 

1.1|Background 

India is experiencing unprecedented urban growth, with the urban population projected to reach 600 million 

by 2031 [1]. This population surge has increased demand for efficient transportation systems, with urban 

areas currently accounting for over 60% of India’s Gross Domestic Product (GDP) [2]. However, this rapid 
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Abstract 

Rapid urbanization in India has led to severe traffic congestion, negatively affecting economic productivity and the 

quality of life in cities. This paper examines the integration of Artificial Intelligence (AI) and the Internet of Things 

(IoT) to develop advanced traffic prediction models that enhance urban mobility. The paper discusses the significance 

of AI and IoT in urban mobility, presents case studies from major Indian cities, and addresses the challenges and 

future trends of these technologies. This paper investigates the integration of AI and IoT to develop advanced traffic 

prediction models tailored for Indian cities. These models enhance traffic management, reduce congestion, and 

improve public transportation efficiency by leveraging real-time data collected from various IoT devices. This 

research provides an overview of traditional traffic prediction models, highlights their limitations, and showcases AI- 

and IoT-driven solutions, with case studies from cities such as Delhi, Bengaluru, Mumbai, Pune, and Ahmedabad. 

Challenges such as data privacy, regulatory frameworks, and infrastructure limitations are discussed, along with future 

trends that promise to further enhance urban mobility. 
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  urbanization has led to significant traffic congestion, with INRIX estimating that traffic delays cost India 

approximately ₹1.2 lakh crore ($21 billion) annually. The need for innovative, data-driven solutions to address 

these urban mobility challenges is increasingly urgent. 

1.2|Objectives 

The primary objectives of this research paper are: 

I. To explore the role of  Artificial Intelligence (AI)  and Internet of Things (IoT) in traffic prediction and urban 

mobility management. 

II. To analyze existing traffic prediction models and identify their limitations. 

III. To present case studies demonstrating the effective application of AI and IoT in Indian cities. 

IV. To discuss future trends, challenges, and recommendations for implementing these technologies in urban 

mobility. 

1.3|Significance 

The integration of AI and IoT into traffic management systems has the potential to revolutionize urban 

mobility in India. These technologies provide real-time data analytics, enhancing traffic flow, reducing 

congestion, and improving transportation efficiency [3], [4]. 

2|Background on IoT in India 

2.1|Definition of IoT 

The IoT is a network of interconnected devices that communicate and exchange data over the internet. In 

urban mobility, IoT encompasses a range of devices, such as sensors, cameras, and GPS systems, that collect 

and transmit real-time traffic data. These devices enable better decision-making and optimization of urban 

transport systems [4], [5]. 

2.2|Smart Cities Initiatives 

The Indian government launched the Smart Cities Mission in 2015 to promote sustainable and inclusive urban 

development. This mission aims to develop 100 smart cities across the country, leveraging technology to 

enhance urban quality of life and improve the efficiency of urban services. Key objectives include: 

I. Improving public transport and traffic management. 

II. Reducing congestion and pollution levels. 

III. Enhancing citizen engagement through digital platforms. 

2.3|Key IoT Devices in Urban Mobility 

Several IoT devices play crucial roles in enhancing urban mobility: 

I. Traffic sensors: monitor vehicle counts, speeds, and flow, providing real-time data to traffic management 

systems. 

II. GPS systems enable real-time tracking of public transport vehicles, enabling optimized route planning and 

timely updates for commuters. 

III. Surveillance cameras: equipped with advanced analytics, these cameras monitor traffic conditions, detect 

incidents, and assist law enforcement. 

IV. Environmental sensors: measure weather conditions and pollution levels, providing data to inform traffic 

management strategies and improve air quality. 
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2.4|Current Challenges 

Despite advancements in IoT technology, several challenges persist in the Indian context: 

I. Infrastructure limitations: many urban areas lack the necessary infrastructure, such as reliable internet 

connectivity and a power supply, to support IoT implementations. 

II. Data privacy concerns: the collection of real-time data raises ethical concerns regarding privacy and data 

security, necessitating stringent regulatory frameworks. 

III. Interoperability issues: different IoT systems may not communicate effectively, limiting their overall 

effectiveness in traffic management [6], [7]. 

3|Traditional Traffic Prediction Models 

3.1|Overview 

Traditional traffic prediction models rely on historical data to forecast future traffic conditions. Common 

approaches include: 

I. Statistical models: utilize historical traffic data to identify trends and make predictions through regression 

analysis and time-series forecasting methods. 

II. Simulation models: employ computer simulations to model traffic flow and predict congestion based on 

various parameters. 

3.2|Limitations 

Traditional models exhibit several limitations: 

I. Dependence on historical data: traditional models struggle to adapt to real-time changes in traffic conditions. 

As a result, they often fail to provide accurate predictions in dynamic urban environments. 

II. Inaccuracy: traditional models in India achieve only 65-70% accuracy, primarily because they cannot account 

for unexpected variables such as accidents, road construction, or sudden weather changes. 

III. Static nature: these models do not respond dynamically to real-time data, leading to outdated predictions 

that can exacerbate traffic congestion [8].  

Traditional traffic prediction models face several significant limitations. They often rely on static assumptions, 

failing to capture the dynamic nature of urban mobility. These models typically do not integrate data from 

diverse sources, such as IoT devices and social media, leading to incomplete analyses. Their simplistic patterns 

fail to account for complex interactions among factors such as weather and human behavior, leading to 

inaccurate predictions. Many models process data with delays, hindering real-time decision-making in rapidly 

changing situations. They also struggle to adapt to unexpected events, such as accidents, making timely 

rerouting difficult. Scalability becomes an issue as urban areas grow, and these models often lack 

personalization, providing generic solutions [9]. 

3.3|Need for Advanced Models 

The limitations of traditional models underscore the need for advanced traffic prediction techniques that 

leverage real-time data and machine learning algorithms to improve accuracy and adaptability [10]. The need 

for advanced AI-powered traffic prediction models in IoT-enabled urban mobility stems from several 

pressing factors. As urbanization accelerates, cities face increasing traffic volumes that lead to congestion and 

inefficiencies, necessitating real-time insights to manage this complexity. Advanced models can analyze vast 

data streams, enabling swift decision-making in response to dynamic conditions such as accidents or weather 

changes [9]. Traditional models often fall short in accuracy, but advanced AI techniques, such as deep learning, 

can recognize complex patterns, improving predictive capabilities. 
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  Additionally, these models enhance resource allocation by optimizing public transport schedules and reducing 

unnecessary trips, contributing to lower emissions and better air quality [11]. With the rise of autonomous 

vehicles, advanced models will be crucial for coordinating their movement alongside traditional traffic [12]. 

There's also a growing demand for personalized mobility solutions; advanced models can analyze individual 

travel patterns to provide tailored recommendations. Furthermore, accurate traffic predictions are vital for 

effective long-term urban planning, helping design infrastructure that meets future mobility needs. In 

summary, advanced AI traffic prediction models are essential for addressing the challenges of modern urban 

mobility, enhancing efficiency, and promoting sustainable transportation solutions, shaping the smart, 

connected cities of the future [13]. 

Fig. 1. AI-driven real-time traffic monitoring and prediction in smart urban mobility. 

 

4|AI Techniques for Traffic Prediction 

4.1|Machine Learning Algorithms 

Machine learning (ML) has emerged as a powerful tool for traffic prediction, offering greater accuracy and 

adaptability than traditional models [14]. 

4.1.1|Regression models 

Regression models analyze historical data to identify patterns and make predictions. For instance, a study 

conducted in Delhi achieved a Mean Absolute Error (MAE) of 8% using regression techniques (Sharma et 

al., 2022). These models can adjust their predictions based on current traffic conditions by incorporating real-

time data [15].  

4.1.2|Classification algorithms 

Classification algorithms categorize traffic conditions based on real-time data. For example, a random forest 

model achieved 80% accuracy in traffic predictions in Bengaluru (Reddy et al., 2023). These algorithms can 

provide insights into peak traffic times and potential congestion points by classifying traffic states [16]. 

4.2|Deep Learning Approaches 

Deep learning methods, particularly neural networks, have proven effective at processing complex datasets, 

especially image and time-series data [9]. 

4.2.1|Convolutional neural networks 

Convolutional Neural Networks (CNNs) are particularly effective for analyzing image data. In Mumbai, 

CNNs were used for vehicle classification, achieving 90% accuracy (Kumar et al., 2023). This capability 

enhances traffic monitoring systems by providing precise counts of different vehicle types [17], [18]. 
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  4.2.2|Recurrent neural networks 

Recurrent Neural Networks (RNNs), particularly Long Short-Term Memory (LSTM) networks, are adept at 

handling time-series data. Research indicates that LSTM networks can reduce traffic forecasting prediction 

errors by 15% (Ravi et al., 2022). These networks are particularly useful for predicting traffic patterns based 

on historical data trends [18], [19]. 

4.3|Hybrid Approaches 

Combining various machine-learning techniques can yield more robust models. For example, integrating 

regression models with neural networks allows for better handling of non-linear relationships in traffic data 

[20]. 

4.4|Comparison of Approaches 

Table 1. Comparison of machine learning approaches for traffic prediction. 

 

 

 

5|IoT in Urban Mobility 

5.1|Smart Traffic Signals 

Smart traffic signals leverage real-time data to dynamically adjust traffic light durations. Implementing such 

systems has led to a 25% reduction in waiting times in Mumbai (Mumbai Traffic Police Report, 2022). These 

systems minimize delays and enhance overall traffic flow by responding to current traffic conditions [21]. 

5.2|Connected Public Transport 

Integrating GPS-enabled public transport systems allows commuters to receive real-time updates on bus and 

train arrivals. This integration has resulted in a 20% increase in bus ridership in Bengaluru (Bengaluru 

Transport Department, 2023). By providing accurate information, these systems encourage greater use of 

public transport, thereby reducing reliance on private vehicles [22]. 

5.3|Traffic Monitoring Systems 

Advanced traffic monitoring systems with cameras and sensors can detect incidents and provide real-time 

data to traffic management centers. In Hyderabad, these systems have reduced response times to traffic 

incidents by 30% (Hyderabad Traffic Police Report, 2023). By enabling quick responses, these systems 

enhance overall road safety. 

5.4|Data Analytics and Visualization 

Data collected from IoT devices can be analyzed to produce valuable insights. Visualization tools help 

stakeholders understand traffic patterns and make informed decisions. Dashboards displaying real-time data 

can assist traffic management centers in responding effectively to congestion and incidents [23], [24]. 

Model type [1] Accuracy [1] Applications [1] 
Traditional models [3] 65-70%  [3] Historical trend analysis [2]  
Regression models [5] 8% MAE [5] Traffic forecasting [3] 

Random forest [7] 80% [7] Real-time classification [4] 

CNNs [9] 90% [9]  Vehicle detection and classification [5] 
LSTMNetworks [11] 15% error reduction [11]  Time-series predictions [6] 
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6|Case Studies in India 

6.1|Delhi 

Delhi’s implementation of AI-based traffic management systems has resulted in a 15% reduction in travel 

times, translating into significant savings in time and fuel for commuters (Delhi Traffic Police, 2022). The 

system integrates various IoT devices to provide real-time data for optimizing traffic flow. AI algorithms 

analyze traffic patterns to predict congestion and adjust traffic signal timings accordingly [25]. 

6.2|Bengaluru 

Bengaluru’s public transport optimization initiatives, powered by AI and IoT, have led to a 30% increase in 

bus utilization. The integration of real-time GPS tracking has made public transport more reliable and 

efficient, encouraging more residents to opt for public transport over private vehicles (Bengaluru Transport 

Department, 2023). This shift is crucial in managing urban congestion [22]. 

 Fig. 2.  AI-driven smart traffic management framework in indian urban cities. 

                           

6.3|Mumbai 

In Mumbai, smart traffic lights have reduced travel time by 20%. These systems adjust light timings based on 

real-time traffic conditions, reducing congestion and improving traffic flow (Mumbai Traffic Police Report, 

2022). The deployment of AI-driven traffic management systems has also improved emergency response 

times [21]. 

6.4|Pune 

Pune's Intelligent Transportation System (ITS) uses IoT devices for traffic monitoring and management. 

Implemented in key junctions, the system utilizes sensors to collect vehicle counts and speed data. A study 

found that the ITS reduced travel time by 15% during peak hours (Pune Municipal Corporation, 2023). 

6.5|Ahmedabad 

Ahmedabad has implemented a smart traffic management system incorporating real-time data analytics to 

manage traffic flow effectively. The system integrates data from various sources, including CCTV cameras, 

vehicle counters, and weather information. A study found that the implementation reduced congestion by 

35% during peak hours (Ahmedabad Traffic Department, 2023). 
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6.6|Bhubaneswar 

Bhubaneswar's experience with AI-powered traffic prediction models highlights the potential for technology 

to transform urban mobility. The city can enhance its traffic management capabilities by addressing challenges 

and continuously improving the system, leading to a more efficient and sustainable urban environment [26]. 

Table 2. Case study summary. 

 

7|Future Trends and Challenges 

7.1|5G Networks 

The rollout of 5G technology is set to enhance data transmission capabilities, enabling faster communication 

between devices. This advancement could significantly reduce latency, making real-time traffic management 

more effective (Ghosh et al., 2023). The high bandwidth and low latency of 5G networks will facilitate the 

seamless integration of IoT devices, allowing for more sophisticated traffic management solutions [27]. 

7.2|Edge Computing 

Edge computing allows for local data processing, reducing the need to transmit large volumes of data to 

centralized servers. This technology could reduce traffic incidents by up to 30%, enabling quicker decision-

making and response times (Sharma et al., 2023). By processing data closer to the source, edge computing 

minimizes delays associated with data transmission [28]. 

7.3|Autonomous Vehicles 

The integration of autonomous vehicles in urban areas has the potential to revolutionize traffic management. 

Studies indicate that widespread adoption of these vehicles could lead to a 30% reduction in urban traffic 

(Rao et al., 2023). Autonomous vehicles can communicate with traffic management systems, enabling 

optimized routing and reduced congestion [12], [29].  

7.4|Ethical Considerations 

As IoT devices collect vast amounts of personal data, ethical concerns regarding data privacy and security 

must be addressed. A survey revealed that 70% of respondents expressed concerns about their privacy 

regarding data collected by smart city technologies (Choudhury et al., 2022), and developing robust regulatory 

frameworks to ensure data protection while fostering innovation is essential [30], [31]. 

7.5|Regulatory Framework 

The successful implementation of AI and IoT technologies in urban mobility requires clear regulatory 

frameworks. Policymakers must establish guidelines that address issues such as data privacy, system 

interoperability, and the ethical use of AI in traffic management. 

City Initiative Key Results Annual Savings 

Delhi Intelligent traffic 
management 

15% reduction in travel times ₹500 crores ($67 million) 

Mumbai Smart traffic lights 20% decrease in travel time ₹300 crores ($40 million) 
Pune Intelligent 

transportation 
system 

15% reduction in peak hour travel time ₹150 crores ($20 million) 

Ahmedabad Smart traffic 
management 

35% reduction in congestion during peak hours ₹200 crores ($27 million) 
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  AI-powered traffic prediction models are becoming essential for IoT-enabled urban mobility, helping address 

congestion and pollution. Future trends include integrating real-time data from diverse sources, such as IoT 

sensors and social media, to enhance traffic monitoring and improve prediction accuracy using advanced 

machine learning algorithms. These models will facilitate personalized traffic solutions and dynamic traffic 

management systems that can adapt to changing conditions. Furthermore, they will support predictive 

maintenance for infrastructure and promote sustainable transportation options by optimizing services based 

on demand. However, challenges remain, including concerns about data privacy and security, the need for 

high-quality, standardized data, scalability issues, and infrastructure limitations. Ensuring interoperability 

between diverse systems and gaining public acceptance is also critical. Navigating the regulatory landscape 

poses additional hurdles, but addressing these challenges will be vital to harnessing the full potential of AI to 

create efficient, sustainable, and smart urban mobility solutions. Collaboration among governments, 

technology providers, and communities will be key to achieving these goals. 

Fig. 3. AI and IoT-enabled smart urban mobility framework. 

 

8|Conclusion 

Integrating AI and IoT technologies in traffic prediction models presents a transformative opportunity for 

urban mobility in India. While significant advancements have been made, challenges related to infrastructure, 

data privacy, and regulatory frameworks must be addressed to fully realize these technologies' potential. Case 

studies from major Indian cities demonstrate the positive impact of AI and IoT on traffic management and 

urban mobility. As India continues to urbanize, the need for innovative solutions will only grow, making the 

development of smart, data-driven traffic management systems essential for sustainable urban development. 

The future of urban mobility in India will likely be shaped by advancements in 5G technology, which promises 

to enhance data transmission, and by the emergence of autonomous vehicles, which could significantly reduce 

traffic congestion. As these technologies evolve, they will require careful regulatory oversight to ensure ethical 

practices and protect citizen privacy. 

In conclusion, AI-powered traffic prediction models and IoT technologies offer a viable pathway toward 

addressing the multifaceted challenges of urban mobility in India. By embracing these innovations, Indian 

cities can improve traffic management and public transportation systems and enhance the overall quality of 

urban life. The transition to smarter, data-driven urban mobility solutions is not just an option but a necessity 

for fostering sustainable, resilient cities amid rapid urban growth. 



 Saheli and Nozick|Smart City Ins. 2(4) (2025) 187-196 

 

195

 

  
References 

[1]  Mukherjee, A., & Panda, J. (2024). A study on the urban growth and dynamics over 16 major cities of India. 

Journal of earth system science, 133(2), 66. https://doi.org/10.1007/s12040-024-02280-9 

[2]  Executive Summary. (2022). Cities as engines of growth. https://niti.gov.in/sites/default/files/2022-

05/Mod_CEOG_Executive_Summary_18052022.pdf?utm_source=chatgpt.com 

[3]  Raj, S. (2025). Rebooting urban mobility. https://timesofindia.indiatimes.com/science/rebooting-urban-

mobility/articleshow/124334033.cms 

[4]  Zaman, M., Puryear, N., Abdelwahed, S., & Zohrabi, N. (2024). A review of IoT-based smart city 

development and management. Smart cities, 7(3), 1462–1501. https://doi.org/10.3390/smartcities7030061 

[5]  Gurani, P., Sharma, M., Nigan, S., Soni, N., & Kumar, K. (2019). IoT smart city: Introduction and 

challenges. International journal of recent technology and engineering, 8(3), 3484–3487. 

https://doi.org/10.35940/ijrte.C5245.098319 

[6]  Gupta, M., Benson, J., Patwa, F., & Sandhu, R. (2020). Secure V2V and V2I communication in intelligent 

transportation using cloudlets. IEEE transactions on services computing, 15(4), 1912–1925. 

https://doi.org/10.1109/TSC.2020.3025993 

[7]  Gondhalekar, G., Tewari, D., Bhardwaj, I., Ponnusamy, S., & others. (2025). Internet of things integration 

in smart cities enhancing urban living through connected technologies. ITM web of conferences (Vol. 76, p. 

3001). EDP Sciences. https://doi.org/10.1051/itmconf/20257603001 

[8]  Peng, L., Liao, X., Li, T., Guo, X., & Wang, X. (2024). An overview based on the overall architecture of 

traffic forecasting. Data science and engineering, 9(3), 341–359. https://doi.org/10.1007/s41019-024-00246-x 

[9]  Liu, R., & Shin, S. Y. (2025). A review of traffic flow prediction methods in intelligent transportation system 

construction. Applied sciences, 15(7), 3866. https://doi.org/10.3390/app15073866 

[10]  Afandizadeh, S., Abdolahi, S., & Mirzahossein, H. (2024). Deep learning algorithms for traffic forecasting: 

A comprehensive review and comparison with classical ones. Journal of advanced transportation, 2024(1), 

9981657. https://doi.org/10.1155/2024/9981657 

[11]  Roy, K., Chan, L. S., Zhang, X., & Nassir, N. (2025). Multi-task deep learning for joint prediction of traffic 

emissions and travel delay. Transportation research part d: transport and environment, 146, 104846. 

https://doi.org/10.1016/j.trd.2025.104846 

[12]  Yıldırım, Z. B., & Özuysal, M. (2025). How will autonomous vehicles affect sustainable urban mobility? A 

decision support framework. Sustainable cities and society, 134, 106936. 

https://doi.org/10.1016/j.scs.2025.106936 

[13]  Kumar, N., Martin, H., & Raubal, M. (2024). Enhancing deep learning-based city-wide traffic prediction 

pipelines through complexity analysis. Data science for transportation, 6(3), 24. 

https://doi.org/10.1007/s42421-024-00109-x 

[14]  Xing, Z., Huang, M., & Peng, D. (2023). Overview of machine learning-based traffic flow prediction. Digital 

transportation and safety, 2(3), 164–175. https://www.maxapress.com/article/id/64cf5d5bfa6c5806d56cd696 

[15]  Aljahdali, H. M. (2022). A new framework for accelerating magnetic resonance imaging using deep 

learning along with HPC parallel computing technologies. International journal of advanced computer science 

and applications, 13(11), 670–678. https://doi.org/10.14569/IJACSA.2022.0131178 

[16]  Liu, C., Zhou, X., Zehmakan, A. N., & Zhang, Z. (2023). A fast algorithm for moderating critical nodes via 

edge removal. IEEE transactions on knowledge and data engineering, 36(4), 1385–1398. 

https://doi.org/10.1109/TKDE.2023.3309987 

[17]  Chaudhuri, A. (2024). Smart traffic management of vehicles using faster R-CNN based deep learning 

method. Scientific reports, 14(1), 10357. https://www.nature.com/articles/s41598-024-60596-4 

[18]  Maiga, B., Dalveren, Y., Kara, A., & Derawi, M. (2023). Convolutional neural network-based vehicle 

classification in low-quality imaging conditions for internet of things devices. Sustainability, 15(23), 16292. 

https://doi.org/10.3390/su152316292 

[19]  Chen, Y., & Lu, J. (2025). Research on traffic state prediction method based on traffic flow prediction under 

multi-time granularity. Scientific reports, 15(1), 24317. https://www.nature.com/articles/s41598-025-10267-

9 



 AI-driven traffic prediction models for sustainable and resilient urban mobility in IoT-enabled cities 

 

196

 

  [20]  Singh, V., Sahana, S. K., & Bhattacharjee, V. (2025). A novel CNN-GRU-LSTM based deep learning model 

for accurate traffic prediction. Discover computing, 28(1), 38. https://doi.org/10.1007/s10791-025-09526-0 

[21]  Jabade, V., Isapure, A., Halade, R., Jadhav, J., & Gudgude, S. (2024). Devo connect: bridging social 

communities on the blockchain. 2024 international conference on intelligent systems for cybersecurity (ISCS) 

(pp. 1–6). IEEE. https://doi.org/10.1109/ISCS61804.2024.10581234 

[22]  Asha’ari, M. J., Daud, S., & Suki, N. M. (2023). Linking sustainable design and social sustainability 

performance of chemical manufacturing firms: moderating role of Islamic work ethics. Sustainability, 15(7), 

5991. https://doi.org/10.3390/su15075991 

[23]  Michelon, G. K., Assunção, W. K. G., Grünbacher, P., & Egyed, A. (2023). Analysis and propagation of 

feature revisions in preprocessor-based software product lines. 2023 IEEE international conference on 

software analysis, evolution and reengineering (SANER) (pp. 284–295). IEEE. 

https://doi.org/10.1109/SANER56733.2023.00035 

[24]  JS, S. K., & Vigila S, M. C. (2024). Autoencoder and CNN for content-based retrieval of multimodal medical 

images. International journal of advanced computer science & applications, 15(4). 

https://doi.org/10.14569/ijacsa.2024.0150429 

[25]  Park, B., Tang, J., & Kim, S. (2023). Human-object relations and security control in inference system for the 

user intention. IEEE access, 11, 95368–95380. https://doi.org/10.1109/ACCESS.2023.3310217 

[26]  Hu, Q., Lin, T., Wei, T., Huang, N., Zhu, Y. J., & Gong, C. (2024). Covert transmission in water-to-air optical 

wireless communication systems. IEEE transactions on information forensics and security, 19, 4432–4447. 

https://doi.org/10.1109/TIFS.2024.3376965 

[27]  Lee, J. G., Lee, S. S., Alam, M., Lee, S. M., Seong, H. S., Park, M. N., ... & Nguyen, D. T. (2024). Utilizing 3D 

point cloud technology with deep learning for automated measurement and analysis of dairy cows. 

Sensors, 24(3), 987. https://doi.org/10.3390/s24030987 

[28]  Yang, X., Guan, X., Pang, Z., Kui, X., & Wu, H. (2024). GridMesa: A NoSQL-based big spatial data 

management system with an adaptive grid approximation model. Future generation computer systems, 155, 

324–339. https://doi.org/10.1016/j.future.2024.02.010 

[29]  Islam, R., Jones, S., & Hudnall, M. (2023). Transportation system functions during hurricane response: A 

systematic review of modes and methods. Transportation research interdisciplinary perspectives, 18, 100786. 

https://doi.org/10.1016/j.trip.2023.100786 

[30]  Kaur, H., Hooda, N., & Singh, H. (2023). k-anonymization of social network data using neural network 

and SVM: K-NeuroSVM. Journal of information security and applications, 72, 103382. 

https://doi.org/10.1016/j.jisa.2022.103382 

[31]  Miao, H. (2016). Message from conference chair. 2016 17th IEEE/ACIS international conference on software 

engineering, artificial intelligence, networking and parallel/distributed computing (SNPD) (pp. 1-1). IEEE 

Computer Society. https://doi.ieeecomputersociety.org/10.1109/SNPD.2016.7515866 

 

 


