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Abstract 

Since vulnerable road user protection is a critical challenge for vehicles operating in urban areas, Artificial 

intelligence (AI) and vehicle-to-everything (V2X) communication is becoming one of core enabling 

technologies in the development of intelligent transportation systems. In automated vehicle control, traditional 

onboard sensing is generally limited by occlusion, sensing range, and the complexity of dynamic traffic 

environments. V2X communication can provide additional information from surrounding vehicles, roadside 

infrastructure, and traffic systems, which creates new opportunities for improving vehicle perception, decision-

making, and motion control. However, existing reviews rarely focus on the systematic integration of V2X 

communication and AI algorithms for VRU protection in urban autonomous driving scenarios, especially the 

coordination mechanism between multi-source data fusion and trajectory prediction. This review focuses on 

the application of V2X-based artificial intelligence in automated vehicle control in the awareness of road user 

movement. It summarises the key technologies of V2X communication, cooperative perception, multi-source 

data fusion, vulnerable road user trajectory prediction, collision risk assessment, and decision-making control. 

The main objective is to investigate how V2X information can enhance environmental awareness and support 

safer and more efficient control strategies for automated vehicles. 
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1. Introduction 

Road injury is one of the major global concerns. According to the World Health Organization, 

approximately 1.19 million people die each year as a result of road traffic crashes, and more than half of road 

traffic deaths are among vulnerable road users [1]. Vulnerable road users, including pedestrians, cyclists, and 

users of micromobility devices, are exposed to higher accident risks in urban traffic environments because they 

lack physical protection and often interact directly with motorized vehicles. 
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Traditional perception devices such as cameras, radar and lidar may suffer from limited visibility, occlusion 

and performance degradation in adverse weather [2, 3]. As a result, artificial intelligence has become 

increasingly important for traffic risk prevention and VRU protection. Under these circumstances, vulnerable 

road user protection has become an important research topic in autonomous vehicles and intelligent 

transportation systems. 

Vehicle-to-everything (V2X) can help overcome limitations of onboard sensors by providing information 

beyond the line of sight [2, 3]. In combination with artificial intelligence (AI), V2X can support earlier and 

more cooperative road-user protection [4]. The integration of AI and V2X has therefore become an important 

trend in cooperative perception and intersection control. 

In recent years, the combination of AI and V2X has become an important trend in cooperative perception, 

trajectory prediction, and intersection management. Existing studies show that V2X cooperative perception 

can improve detection and perception performance [5], while V2X-based machine learning can support earlier 

VRU collision warning. 

The main topics include V2X communication, VRU behavior characteristics, cooperative perception, 

multi-source data fusion, intention prediction, risk assessment, decision-making, motion control, simulation 

platforms, and performance evaluation. In addition, this paper discusses current technical challenges and future 

research directions for safer and more reliable autonomous vehicle deployment.  

2. Preliminary Key Technologies 

Cooperative perception is one of the most important applications of V2X-based artificial intelligence. 

Unlike traditional perception methods that rely only on onboard sensors, cooperative perception allows 

autonomous vehicles to receive information from other vehicles, roadside infrastructure, traffic signals, and 

pedestrian devices [6]. Before discussing cooperative perception and control strategies, it is necessary to 

introduce the fundamental technologies related to V2X communication, vulnerable road user characteristics, 

and AI-enabled V2X frameworks. 

2.1 V2X Communication Technology 

Vehicle-to-everything (V2X) systems refer to the exchange between vehicles and other traffic entities. V2X 

mainly includes four communication modes: V2V (Vehicle-to-Vehicle), V2I (Vehicle-to-Infrastructure), V2P 

(Vehicle-to-Pedestrian), and V2N (Vehicle-to-Network) [3]. Mainstream technical solutions include cellular 

V2X (C-V2X) and dedicated short-range communication (DSRC). In comparison to traditional onboard 

sensing, V2X communication provides extended perception capability and enables vehicles to detect potential 

risks beyond the line of sight. This is especially important in urban environments where occlusion and mixed 

traffic are common. Current V2X technologies mainly include Dedicated Short-Range Communication and 

Cellular Vehicle-to-Everything, both of which provide important technical support for connected and 

automated driving [4]. 

2.2 VRU Characteristics 

Vulnerable road users have no fixed trajectories; they may cross suddenly, be hidden by occlusions, or 

interact unpredictably with surrounding traffic [7, 8]. High accident risks occur frequently at urban 

intersections and in mixed traffic scenarios. In these situations, over-the-horizon perception and advanced 

prediction are required. Urban intersections are high-risk areas for vulnerable road users because traffic 

participants interact frequently and visibility is often limited. Therefore, advanced perception, early prediction, 

and active safety control are required to improve VRU protection. 

2.3 AI-Enabled V2X Framework 

AI plays an important role in transforming V2X data into useful driving decisions. Data from onboard 

sensors, roadside units, pedestrian devices, traffic signals, and cloud systems can be collected and fused. AI 

algorithms can support VRU detection, intention recognition, and intelligent decision-making. In this way, 

V2X supports a perception-decision-control loop for cooperative autonomous driving [9]. A typical V2X-AI 

framework follows a perception-decision-control structure. In the perception stage, multi-source traffic 



Vol. 16 (2026): Proceedings of the 2026 International Conference on AI and Technological Innovation Applications (AITIA 2026) 

261 

information is integrated to build a more complete representation of the surrounding environment. In the 

decision-making stage, AI models evaluate potential risks and generate safe driving strategies. In the control 

stage, the vehicle adjusts its speed, trajectory, and braking behavior based on the decision results [10]. This 

framework provides the foundation for active and cooperative vulnerable road user protection. 

3. V2X + AI Cooperative Perception and Data Fusion 

Cooperative perception is one of the most important applications of V2X-based artificial intelligence. 

Unlike traditional perception methods that rely only on onboard sensors, cooperative perception allows 

autonomous vehicles to receive information from other vehicles, roadside infrastructure, traffic signals, and 

pedestrian devices. This extended information can improve perception range and reduce the impact of 

occlusion [9]. 

3.1 Multi Sources Data Input and Open-source Cooperative Perception 

In urban autonomous driving scenarios, V2X systems can collect data from multiple sources, including 

vehicle-mounted sensors, roadside units, VRU terminals, traffic signals, and high-definition map input. The 

integration of these data sources forms a heterogeneous multi-input system. This system enables autonomous 

vehicles to obtain more complete traffic information, especially in complex intersections and non-line-of-sight 

scenarios. For vulnerable road users, multi-source data input can improve early detection and provide more 

time for risk assessment and vehicle control. Open-source cooperative perception platforms, such as AutoC2X, 

provide a basis for the verification and optimization of multi-source data fusion algorithms, which can promote 

the application of V2X-based cooperative perception in VRU protection [11]. 

3.2 Multi-level Data Fusion 

Data-level, feature-level, and decision-level fusion can be applied to improve VRU tracking accuracy in 

occluded and complex scenarios. Data-level fusion directly combines raw sensor or communication data. 

Feature-level fusion integrates extracted features from different sources. Decision-level fusion combines 

independent perception or prediction results to support final decision-making. 

For vulnerable road user protection, multi-level fusion can improve detection accuracy, tracking stability, 

and prediction reliability. For example, when a pedestrian is occluded from the vehicle's onboard sensors, 

information from roadside units or nearby vehicles can help maintain tracking continuity [2, 9]. AI-based 

fusion methods can further enhance the robustness of perception systems in complex urban environments. 

3.3 Open-source Cooperative Perception 

Data fusion is essential for processing heterogeneous V2X information. In general, V2X data fusion can be 

divided into data-level fusion, feature-level fusion, and decision-level fusion. Data-level fusion directly 

combines raw sensor or communication data. Feature-level fusion integrates extracted features from different 

sources. Decision-level fusion combines independent perception or prediction results to support final decision-

making. For vulnerable road user protection, multi-level fusion can improve detection accuracy, tracking 

stability, and prediction reliability. For example, when a pedestrian is occluded from the vehicle's onboard 

sensors, information from roadside units or nearby vehicles can help maintain tracking continuity. AI-based 

fusion methods can further enhance the robustness of perception systems in complex urban environments [10, 

11]. 

4. VRU Intention Prediction & Risk Assessment 

After detection, autonomous vehicles need to predict future VRU movements and evaluate possible 

collision risks [4]. This is particularly important in urban scenarios because randomness of vulnerable road 

users may contribute to sudden movement into vehicle paths. 
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4.1 VRU Trajectory and Intention Prediction 

Trajectory prediction aims to estimate the future positions of vulnerable road users based on their historical 

movements and surroundings. Commonly used models include recurrent neural networks, long short-term 

memory networks, gated recurrent units, graph neural networks, and Transformer-based models. These models 

can learn temporal and spatial relationships from traffic data and predict possible future trajectories. V2X 

information can improve trajectory prediction by providing additional context beyond onboard sensors. For 

example, information from roadside units can help identify pedestrians approaching a crosswalk, while traffic 

signal data can indicate whether a pedestrian is likely to cross. In combination with V2X data and AI models, 

autonomous vehicles can achieve earlier and more accurate prediction of vulnerable road user behaviour [12]. 

4.2 Collision Risk Assessment 

Collision risk assessment evaluates the possibility and severity of potential conflicts between autonomous 

vehicles and vulnerable road users. Conduct V2X + AI early warning model, using indicators including TTC 

(Time-to-Collision), collision probability and dangerous area, to support active safety intervention. These 

indicators can help autonomous vehicles to make adequate decisions to slow down, brake, or adjust their 

trajectory. V2X-based AI can support early warning by analysing real-time information from multiple sources. 

Compared with traditional onboard risk assessment, V2X-based methods can detect potential conflicts earlier, 

especially when vulnerable road users are hidden or located outbound the vehicle’s detection. Therefore, 

collision risk assessment is an important component of active safety protection for vulnerable road users [8]. 

5. Decision Making & Optimised Control at Urban Intersections 

5.1 Decision-Making Framework 

Urban intersections are complex traffic environments where vehicles, pedestrians, cyclists, and traffic 

signals interact frequently. For autonomous vehicles, safe and efficient decision-making at intersections 

requires accurate perception, reliable prediction, and real-time control. V2X-based artificial intelligence can 

provide a global traffic view and support optimised driving strategies [3, 13]. 

5.2 Motion Control Algorithms 

In a V2X-based decision-making framework, autonomous vehicles can receive information from nearby 

vehicles, roadside units, traffic lights, and vulnerable road user devices. AI algorithms may use this information 

to determine right-of-way, identify potential conflicts, and select safe driving actions. For example, when a 

pedestrian is predicted to cross the road, the vehicle can slow down in advance instead of performing sudden 

braking. Decision-making should consider both safety and efficiency. A conservative strategy may improve 

safety but reduce traffic efficiency, while an aggressive strategy may increase risk. Therefore, AI-based 

decision-making models need to balance collision avoidance, travel efficiency, passenger comfort, and 

compliance with traffic rules [10]. 

5.3 Improvement of Control 

The integration of V2X and AI can improve both safety and driving performance. In terms of safety, V2X-

based decision-making and control can help reduce emergency braking and sharp steering while improving 

riding comfort and traffic efficiency [14, 15]. Therefore, V2X-based decision-making and control are 

important for the practical deployment of autonomous vehicles in urban areas. Future research should further 

improve real-time performance, communication reliability, and the robustness of control algorithms under 

complex traffic conditions. For example, random pedestrian movements in dense traffic may increase detection 

and prediction difficulty, while AI can help analyze V2X information for earlier prediction and safer control. 

6. Challenges and Future Trends 

Although V2X-based artificial intelligence provides significant advantages for vulnerable road user 

protection, several challenges remain. First, multi-source V2X data may have different formats, update rates, 

and timestamps, making data synchronization and fusion difficult. Second, vulnerable road user behavior is 
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highly uncertain, and AI models may not perform well in rare or extreme scenarios [12]. Third, communication 

latency, packet loss, and network congestion may affect the reliability of safety-critical applications. Fourth, 

real-time computing is still challenging because perception, prediction, decision-making, and control must be 

completed within a very short time. Finally, the lack of unified standards, open datasets, and standardized 

testing methods limits the large-scale deployment of V2X-based autonomous driving systems. 

Future research on V2X-based artificial intelligence for vulnerable road user protection is expected to focus 

on several directions. First, collaborative AI, end-to-end cooperative models, and learning-based prediction 

methods may improve the generalization ability of VRU prediction and planning models. These methods can 

help autonomous vehicles better understand rare and complex traffic scenarios. Second, vehicle-road-cloud 

collaboration will become an important development direction. By combining onboard computing, roadside 

edge computing, and cloud intelligence, autonomous vehicles can achieve more efficient cooperative 

perception, decision-making, and control. This integrated framework can improve both real-time performance 

and global traffic coordination [16]. Third, digital twin technology can provide high-fidelity virtual 

environments for testing and validation. Digital twins can reproduce complex urban traffic scenarios and 

support the evaluation of V2X-based safety functions under different conditions [17, 18]. Fourth, robust AI 

and secure communication will become increasingly important. Since V2X systems depend on data exchange, 

they must be protected against communication failure, interference, cyberattacks, and unreliable information. 

Robust and explainable AI methods can also improve the trustworthiness of autonomous driving systems. 

Finally, future research should promote open datasets, unified evaluation metrics, and standardized testing 

frameworks. These efforts are necessary for comparing different methods and supporting the large-scale 

deployment of V2X-based vulnerable road user protection systems. 

7. Conclusion 

The integration of V2X and AI breaks through the limitations of standalone vehicle perception, achieving 

over-the-horizon and active safety protection for VRU in urban areas, with significant improvements in 

complex intersections. This review summarises key technologies, including cooperative perception, data 

fusion, intention prediction and decision-making control, identifies current challenges, and prospects future 

trends. Vehicle-road-cloud integration will be a core shift of the next-gen VRU protection systems for 

autonomous driving. 

References 

[1] World Health Organization, “Road traffic injuries,” WHO Fact Sheet, May 1, 2026. Available: 

https://www.who.int/news-room/fact-sheets/detail/road-traffic-injuries 

[2] T. Huang, J. Liu, X. Zhou, D. C. Nguyen, M. R. Azghadi, Y. Xia, Q.-L. Han, and S. Sun, “Vehicle-to-

Everything Cooperative Perception for Autonomous Driving,” Proceedings of the IEEE, 2025, doi: 

10.1109/JPROC.2025.3600903; arXiv:2310.03525. 

[3] X. Yang, Y. Shi, J. Xing, and Z. Liu, “Autonomous Driving Under V2X Environment: State-of-the-Art 

Survey and Challenges,” Intelligent Transportation Infrastructure, vol. 1, 2022, liac020, doi: 

10.1093/iti/liac020. 

[4] A. Festag, “Standards for Vehicular Communication: From IEEE 802.11p to 5G,” e & i Elektrotechnik 

und Informationstechnik, vol. 132, no. 7, pp. 409-416, 2015, doi: 10.1007/s00502-015-0343-0. 

[5] Z. Li, B. Zhang, L. Yang, T. Shen, N. Xu, R. Hao, W. Li, T. Yan, and H. Liu, “Unified End-to-End V2X 

Cooperative Autonomous Driving,” arXiv:2405.03971, 2024. 

[6] ETSI, “Intelligent Transport Systems (ITS); Vehicular Communications; Basic Set of Applications; 

Analysis of the Collective Perception Service (CPS),” ETSI TR 103 562 V2.1.1, 2019. 

[7] B. Ribeiro, M. J. Nicolau, and A. Santos, “Using Machine Learning on V2X Communications Data for 

VRU Collision Prediction,” Sensors, vol. 23, no. 3, Art. 1260, 2023, doi: 10.3390/s23031260. 

[8] B. D. M. V. Ribeiro, “Enhancing Road Safety for VRUs: Automatic Collision Prediction Using V2X 

Data,” Ph.D. dissertation, University of Minho, Portugal, 2024. 

https://www.who.int/news-room/fact-sheets/detail/road-traffic-injuries


Vol. 16 (2026): Proceedings of the 2026 International Conference on AI and Technological Innovation Applications (AITIA 2026) 

264 

[9] L. Yang, X. Zhang, J. Li, C. Wang, Z. Song, T. Zhao, Z. Song, L. Wang, M. Zhou, Y. Shen, K. Wu, and 

C. Lv, “V2X-Radar: A Multi-modal Dataset with 4D Radar for Cooperative Perception,” 

arXiv:2411.10962, 2024. 

[10] G. Ninos and J. D. F. de Oliveira Luna, “Model Predictive Control for Connected and Autonomous 

Vehicles at Road Intersections,” in Congresso Brasileiro de Automática - 2020, 2020, doi: 

10.48011/asba.v2i1.1420. 

[11] M. Tsukada, T. Oi, A. Ito, M. Hirata, and H. Esaki, “AutoC2X: Open-source software to realize V2X 

cooperative perception among autonomous vehicles,” in Proc. IEEE 92nd Vehicular Technology 

Conference (VTC2020-Fall), 2020, pp. 1-6, doi: 10.1109/VTC2020-Fall49728.2020.9348525. 

[12] Z. Song, C. Xia, C. Wang, H. Yu, S. Zhou, and Z. Niu, “UniMM-V2X: MoE-Enhanced Multi-Level 

Fusion for End-to-End Cooperative Autonomous Driving,” arXiv:2511.09013, 2025. 

[13] S. Mozaffari, O. Y. Al-Jarrah, M. Dianati, P. Jennings, and A. Mouzakitis, “Deep Learning-Based Vehicle 

Behavior Prediction for Autonomous Driving Applications: A Review,” IEEE Transactions on Intelligent 

Transportation Systems, vol. 23, no. 1, pp. 33-47, 2022, doi: 10.1109/TITS.2020.3012034. 

[14] J. Schneegans, J. Eilbrecht, S. Zernetsch, M. Bieshaar, K. Doll, O. Stursberg, and B. Sick, “Probabilistic 

VRU Trajectory Forecasting for Model-Predictive Planning: A Case Study: Overtaking Cyclists,” in Proc. 

IEEE Intelligent Vehicles Symposium Workshops (IVWorkshops), 2021, pp. 272-279, doi: 

10.1109/IVWorkshops54471.2021.9669208. 

[15] H. Yu, W. Yang, J. Zhong, Z. Yang, S. Fan, P. Luo, and Z. Nie, “End-to-End Autonomous Driving 

Through V2X Cooperation,” Proceedings of the AAAI Conference on Artificial Intelligence, vol. 39, no. 

9, pp. 9598-9606, 2025, doi: 10.1609/aaai.v39i9.33040. 

[16] G. Ninos and J. D. F. de Oliveira Luna, “Model Predictive Control for Connected and Autonomous 

Vehicles at Road Intersections,” in Congresso Brasileiro de Automática - 2020, 2020, doi: 

10.48011/asba.v2i1.1420. 

[17] C. Schwarz and Z. Wang, “The Role of Digital Twins in Connected and Automated Vehicles,” IEEE 

Intelligent Transportation Systems Magazine, vol. 14, no. 6, pp. 41-51, 2022, doi: 

10.1109/MITS.2021.3129524. 

[18] Z. Wang, R. Gupta, K. Han, H. Wang, A. Ganlath, N. Ammar, and P. Tiwari, “Mobility Digital Twin: 

Concept, Architecture, Case Study, and Future Challenges,” IEEE Internet of Things Journal, vol. 9, no. 

18, pp. 17452-17467, 2022, doi: 10.1109/JIOT.2022.3156028. 

Funding 

This research received no external funding.  

Conflicts of Interest 

The authors declare no conflict of interest. 

Acknowledgment 

This paper is an output of the science project. 

Open Access  

This chapter is licensed under the terms of the Creative Commons Attribution-NonCommercial 4.0 
International License (http://creativecommons.org/licenses/by-nc/4.0/), which permits any noncommercial use, 
sharing, adaptation, distribution and reproduction in any medium or format, as long as you give appropriate 
credit to the original author(s) and the source, provide a link to the Creative Commons license and indicate if 
changes were made. 

http://creativecommons.org/licenses/by-nc/4.0/


Vol. 16 (2026): Proceedings of the 2026 International Conference on AI and Technological Innovation Applications (AITIA 2026) 

265 

The images or other third party material in this chapter are included in the chapter's Creative Commons license, 
unless indicated otherwise in a credit line to the material. If material is not included in the chapter's Creative 
Commons license and your intended use is not permitted by statutory regulation or exceeds the permitted use, 
you will need to obtain permission directly from the copyright holder. 

 


