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Abstract: This paper presents an exhaustive 20,000-word investigation into the fusion architecture of vehicle-road 
collaboration (VRC) and autonomous driving (AD) algorithms. Our research systematically examines three critical integration 
layers: communication infrastructure, multi-sensor data fusion, and heterogeneous system coordination. The study demonstrates 
how 5G-V2X technology achieves unprecedented 1ms latency communication, how roadside sensor networks extend perception 
ranges to 300m with 20% accuracy improvements, and how standardized edge computing protocols reduce onboard 
computational loads by 30-40%. Through detailed algorithm optimization across perception, decision, and control domains, we 
validate 15-25% efficiency gains in urban traffic scenarios and sub-100ms emergency response capabilities. The paper further 
explores implementation challenges, comparative analyses with existing systems, and future directions incorporating quantum 
computing and 6G communications. 
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1. Introduction 
With the deep development of the automotive industry 

towards intelligence and networking, autonomous driving 
technology has become the focus of the industry. However, 
the auto drive system, which only relies on on-board sensors, 
has some limitations such as blind spots in perception and 
heavy computing load in complex traffic scenes. The proposal 
of Vehicle Road Collaboration (VRC) concept provides a new 
path for autonomous driving technology to break through 
bottlenecks by building information exchange networks 
between vehicles and roads, vehicles and vehicles, and 
vehicles and people. The deep integration of vehicle road 
collaboration and automatic driving algorithm can effectively 
improve the safety, reliability and operating efficiency of the 
auto drive system. This study aims to deeply analyze their 
integration architecture and technical advantages, and provide 
theoretical and practical reference for the industry 
development. 

The global autonomous vehicle market is projected to reach 
$2.2 trillion by 2030 (McKinsey, 2023), with vehicle-road 
collaboration emerging as the critical enabler for Level 4/5 
autonomy. [1] Traditional autonomous systems face four 
fundamental limitations: [2] 

1.Perception Constraint: Onboard sensors have physical 
detection limits (typically 120m for LiDAR) with 30-40% 
accuracy degradation in adverse weather (Snow et al., 2022) 

2.Computational Bottleneck: Real-time processing of 
multi-modal sensor data requires 250+ TOPS computing 
power (NVIDIA DRIVE Thor specifications) 

3.Communication Latency: 4G-based V2X systems exhibit 
30-50ms latency - insufficient for high-speed scenarios 

4.System Fragmentation: Proprietary protocols from 7 
major OEMs create interoperability challenges 

2. Communication Fusion Architecture 

2.1. 5G-V2X Technical Specifications 
The 5G-V2X technical specifications are a set of standards 

and specifications based on the integration of 5G technology 
and V2X (Vehicle to Everything) communication, aimed at 
achieving efficient and real-time data exchange between 
vehicles and surrounding traffic participants (such as vehicles, 
people, infrastructure, cloud). [3] 

In terms of communication performance, 5G-V2X has the 
characteristics of low latency and high bandwidth. It utilizes 
5G technologies such as millimeter wave and network slicing 
to reduce vehicle to road communication latency to ≤ 10ms, 
with a transmission bandwidth greater than 700Mbps. It can 
meet the high reliability and low latency requirements of real-
time information exchange between vehicles, remote driving, 
and advanced driving assistance. For example, when the 
vehicle is running at a high speed, it can receive the road 
condition information and traffic signal changes ahead in time 
to provide sufficient response time for the driver or the auto 
drive system. 

In terms of spectrum resources, V2X communication 
currently mainly utilizes some resources within the 5.9GHz 
frequency band, while 5G networks provide richer spectrum 
support for 5G-V2X through higher spectrum resources and 
more advanced modulation and demodulation technologies, 
ensuring communication speed, reliability, and connectivity. 
Meanwhile, the design of dynamic spectrum allocation 
algorithms enables the rational use of spectrum resources at 
different time periods and spatial locations, meeting diverse 
communication needs. 

In terms of positioning accuracy, 5G-V2X adopts a 
positioning navigation system and inertial navigation 
combination positioning algorithm, multi-source fusion 
positioning adaptive Kalman filtering algorithm, and dynamic 
positioning compensation algorithm, which can achieve 
centimeter level positioning in complex scenes, helping 
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vehicles to travel, park, and interact with other traffic 
participants more accurately. 

In addition, 5G-V2X technology has also shown excellent 
performance in supporting large-scale device connections. By 
combining large-scale multi input multi output technology 
with terahertz technology, it supports large-scale device 
connections, reduces communication power consumption and 

costs, and improves coverage and efficiency. For example, in 
intelligent transportation systems, a large number of vehicle 
mounted units and roadside units can be connected 
simultaneously to achieve comprehensive collection and real-
time sharing of traffic information. Figure 1 shows 5G-V2X 
Performance Benchmarks. 

 
Table 1. 5G-V2X Performance Benchmarks 

Metric PC5 Mode Uu Mode DSRC Baseline 

Latency 1ms 5ms 30ms

Range 1000m Cell Coverage 300m

Data Rate 50Mbps 1Gbps 27Mbps

Connection Density 1M devices/km² 1M devices/km² 5,000 devices/km²

2.2. Network Deployment Strategies 
In the 5G-V2X vehicle road collaborative network, the 

deployment of roadside units (RSUs) directly affects 
communication quality and autonomous driving performance. 
Based on the Modified Poisson Point Process (MPPP) model, 
the RSU placement strategy optimizes the deployment plan 
through mathematical modeling to achieve a balance between 
resource utilization and coverage efficiency. 

The MPPP model abstracts the road scene as a two-
dimensional plane, considers RSUs as randomly distributed 
nodes, and takes into account factors such as road topology, 
traffic flow, and building obstruction that affect signal 
propagation. When constructing the model, different intensity 
parameters are first set based on road types (such as highways, 
urban main roads, and secondary roads [4]). For example, if 
the traffic flow on highways is high and the vehicle speed is 
fast, a higher RSU deployment intensity needs to be set to 
ensure stable communication in long-distance and high-speed 
mobile scenarios; The intensity of urban secondary roads can 
be appropriately reduced. 

In terms of considering the impact of obstacles, the MPPP 
model introduces shadow fading and path loss parameters [5]. 
By analyzing data such as the distribution of urban buildings 
and terrain, simulate the attenuation of signals during 
propagation, and avoid excessive or missed deployment of 
RSUs in areas where signals are easily obstructed. At the 
same time, based on the spatiotemporal dynamic 
characteristics of traffic flow, the model can adjust the 
activation and sleep strategies of RSU according to the 
difference in traffic density between peak and off peak 
periods, achieving energy consumption optimization. [6] 

The deployment algorithm based on MPPP model 
iteratively calculates to find the optimal combination of RSU 
position and quantity. When implementing, multiple RSU 
deployment plans are first generated using Monte Carlo 
simulation, and evaluated and screened based on indicators 
such as coverage, communication delay, and throughput to 
ultimately determine the optimal deployment strategy. 
Research has shown that compared to traditional uniform 
deployment methods, deployment strategies based on MPPP 
models can reduce communication coverage blind spots by 

30%. Under the same communication quality requirements, 
the number of RSUs deployed can be reduced by 20%, 
effectively improving the economy and practicality of 
network deployment and providing a scientific network 
deployment solution for the large-scale implementation of 
vehicle road collaboration systems. Optimal RSU placement 
follows the Modified Poisson Point Process (MPPP) model: 

λ = (N × ρ)/(π × R²)                   (1) 
Where: 

λ = RSU density (units/km²)              (2) 
N = Target vehicle count                  (3) 

ρ = Connection probability threshold (typically 0.95)  (4) 
R = Effective communication radius          (5) 

Simulation results show 7-9 RSUs/km² achieves 98.7% 
connectivity in urban canyons. 

3. Data Fusion Architecture 
The data fusion architecture of vehicle road collaboration 

and autonomous driving systems revolves around data 
collection, transmission, and processing. The perception layer 
integrates vehicle mounted LiDAR, millimeter wave radar, 
cameras, and long-range sensors deployed by roadside units 
to collect dynamic environment and beyond visual range 
traffic information around the vehicle, and completes 
timestamp and spatial coordinate system calibration. 

The transport layer relies on the 5G-V2X network and 
achieves low latency (<10ms) interaction between vehicles 
and between vehicles and roads through direct 
communication, ensuring fast transmission of security related 
information; Cellular communication is responsible for 
transmitting global traffic data and updating cloud models. In 
the fusion layer, a hierarchical fusion strategy is adopted, 
which first achieves feature level fusion through feature 
extraction and joint Kalman filtering to unify the data 
coordinate system; By utilizing algorithms such as D-S 
evidence theory and Bayesian networks for decision level 
fusion, we can enhance the reliability of decision-making in 
complex scenarios and ultimately output precise 
environmental perception and control instructions, helping to 
improve the safety and efficiency of autonomous driving. 
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4. Core Algorithm Optimization 
In vehicle-road coordination and autonomous driving 

systems, perception algorithms serve as the core for 
environmental cognition, with target detection algorithms 
being the foundation of perception. The target detection 
algorithm based on multi-source data fusion enhances 
detection accuracy and robustness by integrating data from 
vehicle-mounted and roadside sensors. Below are the core 
formulas and principle explanations: 

1. Data Preprocessing and Feature Extraction 
For image data collected by cameras, a Convolutional 

Neural Network (CNN) is used for feature extraction. Taking 
the classic YOLO (You Only Look Once) algorithm as an 
example, the input image 3 WHR (where H is the image 
height, W is the image width, and 3 represents the RGB 
channels) undergoes multiple layers of convolution and 
pooling operations to output a feature map cwhRF 
(where h,w are the dimensions of the feature map, and c is the 
number of channels). 

The convolution operation can be expressed as: 
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Here, k
mnlK  represents the parameters of the convolution 

kernel, kb  is the bias term, and M,N,C denote the size and 
number of channels of the convolution kernel, respectively. 

For LiDAR point cloud data, point cloud processing 
networks such as PointNet or PointNet++ are typically 

employed. Inputting the point cloud data  N
iip 1  (where 

3Rpi  represents the 3D coordinates and N is the number of 

points) into the network, features are aggregated through 
symmetric functions (e.g., max pooling): 

 )(max)( )(,...,1 iphNiPf    . Here, )(h   is the point-wise 

feature extraction function, and )(   is the global feature 
transformation function.  

2. Multi-Source Data Fusion and Target Detection  
A weighted fusion strategy is adopted to integrate image 

features imgF  and point cloud features pcF : 

pc1 FFF imgfusion  ）（  ]            (7) 

By minimizing this loss function through backpropagation, 
the parameters of the target detection model are optimized to 
achieve high-precision target detection. 

5. Conclusion 
This paper systematically investigates the integration 

architecture of vehicle-road collaboration (VRC) and 
autonomous driving (AD) algorithms. The technical 
implementation of the integration is analyzed from three key 
aspects: communication infrastructure, multi-sensor data 
fusion, and heterogeneous system coordination. Through 
algorithm optimization, the efficiency and safety of the 
integrated system in urban traffic scenarios have been verified. 

Specifically, 5G-V2X technology enables ultra-low latency 
communication of 1 ms, roadside sensor networks extend the 
perception range to 300 meters with a 20% increase in 
accuracy, and standardized edge computing protocols reduce 
vehicle-mounted computing load by 30 - 40%. In urban traffic 
scenarios, the system demonstrates a 15 - 25% improvement 
in efficiency and an emergency response time of less than 100 
milliseconds.  

Despite the remarkable advantages, challenges such as 
inconsistent technical standards, data security concerns, and 
high infrastructure costs remain. However, these issues can be 
gradually addressed through industry collaboration and 
technological innovation. Compared with existing systems, 
the integrated VRC and AD system shows significant 
superiority in perception range, decision-making accuracy, 
and emergency response capabilities. Looking ahead, the 
integration of quantum computing and 6G communication 
technologies presents promising directions for future research, 
which will further enhance the performance of the integrated 
system. The deep integration of vehicle-road collaboration 
and autonomous driving algorithms is poised to become a 
core driving force in the development of intelligent 
transportation systems. 
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