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Abstract Driving safety and accident prevention are
attracting increasing global interest. Current safety moni-
toring systems often face challenges such as limited
spatiotemporal coverage and accuracy, leading to delays in
alerting drivers about potential hazards. This study
explores the use of edge computing for monitoring vehicle
motion and issuing accident warnings, such as lane depar-
tures and vehicle collisions. Unlike traditional systems that
depend on data from single vehicles, the cooperative
vehicle-infrastructure system collects data directly from
connected and automated vehicles (CAVs) via vehicle-to-
everything communication. This approach facilitates a
comprehensive assessment of each vehicle’s risk. We
propose algorithms and specific data structures for evalu-
ating accident risks associated with different CAVs.
Furthermore, we examine the prerequisites for data accuracy
and transmission delay to enhance the safety of CAV driv-
ing. The efficacy of this framework is validated through
both simulated and real-world road tests, proving its utility
in diverse driving conditions.
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1 Introduction

Driving safety and accident prevention represent signifi-
cant concerns within the domain of transportation
systems and vehicle-related research (Kang et al., 2021;
He et al., 2021). However, mitigating accidents remains a
formidable challenge, given that even a brief lapse of
attentiveness can result in severe collisions. In recent
years, researchers have increasingly directed their efforts
toward monitoring vehicle movements to anticipate
potential hazards and proactively avert accidents.

Driving safety monitoring systems can be categorized
into two distinct categories: Vehicle-side systems and
road-side systems. A pivotal component among vehicle-
side systems is the Advanced Driver Assistance Systems
(ADASS). These systems have undergone rigorous testing
in recent years. ADAS can comprehend the surrounding
driving environment through sensory data, furnish the
driver with feedback regarding potential risks, and, if
necessary, assume control of the vehicle. Noteworthy
functions include Lane Departure Warning (Cualain et al.,
2012), Adaptive Cruise Control (Shang and Stern, 2021),
and Lane Keeping Aid (Sentouh et al., 2019). Neverthe-
less, prevailing ADASs primarily rely on data collected
by the wvehicle’s sensors. Given the intricacies and
dynamism of the driving environment, achieving a
comprehensive and precise understanding of driving
scenarios proves to be challenging (Tapia-Espinoza and
Torres-Torriti, 2013). ADAS occasionally misjudges
routine situations, yielding unnecessary warnings, or
overlooks potential risks, resulting in no response. Conse-
quently, ADAS assessments tend to be myopic and may
not invariably guarantee safety.

Another established monitoring system deployed on
road side is the video-based system (Fernandez-Caballero
et al., 2008; Shehata et al., 2008; Saligrama et al., 2010).


https://doi.org/10.1007/s42524-023-0293-x

108 Front. Eng. Manag. 2024, 11(1): 107-127

This system assesses driving safety by leveraging vehicle
information acquired via cameras installed alongside
roadways. Road-side systems possess a more comprehen-
sive grasp of the driving environment, thanks to the
cameras’ capability to concurrently monitor multiple
vehicles. However, these methods still contend with limi-
tations concerning monitoring range, leading to less
precise predictions of driving behavior.

With the development of vehicle-to-everything (V2X)
communication techniques, a new approach to this issue
emerges. V2X communication modes primarily include
vehicle-to-vehicle (V2V) and vehicle-to-infrastructure
(V2I) communication. Concerning these communication
modes, many studies have concentrated on the develop-
ment of V2V-based monitoring systems (Tan and Huang,
2006; Wang et al., 2011; Lyu et al., 2022) but have yet to
fully exploit the potential of road-side systems. Road-side
infrastructure systems offer broader fields of view,
enabling the collection of a wider range of information
(Jiang et al.,, 2021) for comprehensive monitoring.
Regarding data transmission, some studies utilize raw
sensory data for information exchange (Miucic et al.,
2018; Figueiredo et al., 2022), such as images and point
clouds acquired by cameras and Lidar. However, raw
data consumption entails greater storage space and
demands increased transmission bandwidth and process-
ing time. In contrast, vehicle movement data necessitates
fewer computational resources and simplifies transmis-
sion, facilitating the direct acquisition of vehicle states.

By deploying edge computing devices, road infrastruc-
ture systems (Yu et al., 2023) can effectively gather posi-
tion data from Connected and Automated Vehicles
(CAVs) across a wide spatial area via V21 communica-
tion. The data can subsequently be utilized to comprehen-
sively assess the risk associated with each vehicle. The
advantages of these approaches primarily include:

(1) We can exclusively collect vehicle movement and
trajectory data. Dependable position and trajectory data
can be furnished by the existing on-board position and
navigation systems.

(2) The approach holds the potential to markedly
diminish the computational time expenses associated with
sensory processing since environmental data are system-
atically cataloged within road infrastructure databases.
Consequently, concerns regarding vehicle occlusion,
perceptual inaccuracies, and identification failures
become superfluous. This method permits the direct
consideration of surrounding vehicles.

(3) A substantial volume of position and state data can
be proficiently amassed, rendering it invaluable for
trajectory prediction and collision advisories.

While researchers have made endeavors to embrace
V2X-based road-side systems for driving safety monitor-
ing (Wang et al., 2020a; Jo et al., 2021; Chang et al.,
2022; Miao et al., 2022), specific questions necessitate
attention. Firstly, prevailing monitoring systems primarily

prioritize the safety of a particular vehicle type and may
struggle to accommodate different levels of wvehicle
automation effectively. These systems frequently overlook
potential risks tied to the road environment, such as lane
departures and non-compliance with traffic regulations.
Consequently, existing V2X-based frameworks might
lack universality and generalizability. Secondly, a
comprehensive analysis of the ramifications of data
measurement errors and transmission delays, crucial for
the practical implementation of algorithms, is conspicu-
ously absent. Thirdly, testing of these systems typically
confines itself to a single type of simulated or real
scenario, warranting further validation.

In this paper, we propose a novel monitoring framework
via a V2X-based edge computing system. The contribu-
tions are outlined as follows:

(1) We have devised proficient algorithms and data
structures adept at addressing diverse accident scenarios,
including lane departures and vehicle collisions. This
framework accommodates the examination of varying
levels and categories of CAVs while accounting for inter-
vehicle interactions.

(2) We conduct an in-depth evaluation of the funda-
mental prerequisites pertaining to trajectory data precision
and transmission delay within the safety monitoring
system. Subsequently, we investigate the performance
characteristics and differences of algorithms tailored for
different CAV levels.

(3) We have substantiated the framework’s efficacy
through comprehensive testing across a spectrum of driving
environments, including scenarios such as ramps and
intersections. The extensive evaluation comprises simula-
tion assessments and real-world road trials, consistently
affirming the system’s efficiency. Notably, our findings
underscore the superior warning performance of the V2X-
based edge computing approach in comparison to the
conventional single-vehicle-based approach.

The remaining sections of the article will be organized
as follows. Section 2 will provide a comprehensive
summary of the prerequisites for an optimal safety moni-
toring system. In Section 3, we will expound upon the
proposed monitoring system and outline the algorithms
designed for CAVs in rigorous detail. Section 4 will
enumerate the results of our experimental trials, substan-
tiating the efficacy of the proposed approach across a
spectrum of typical scenarios. In Section 5, a comparative
analysis will be conducted to assess the performance
disparities between V2X-based edge computing methods
and single-vehicle methods. Finally, Section 6 will draw
the article to a conclusion.

2 Requirements of the desired safety
monitoring framework

In essence, the necessary requirement is an outstanding
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safety monitoring framework for driving, distinguished
by remarkable comprehensiveness, swift computational
efficiency, high precision, and strong compatibility. The
particular prerequisites for this desired monitoring frame-
work are as follows.

(1) Comprehensiveness

The monitoring system must possess the capability to
comprehensively acquire vehicle data and environmental
information across extensive spatial and temporal
domains. Traditional methods, including the aforemen-
tioned ADAS and roadside video-based systems, exhibit
limited spatial coverage, thus impeding precise motion
prediction and scenario comprehension. Consequently,
researchers have embarked on the development of moni-
toring systems grounded in the V2X communication
technique. Regarding comprehensiveness, road-side units
(RSUs) employing V21 communication offer broader
fields of view in comparison to vehicle-centric V2V
communication methods (Wang et al., 2011; Jiang et al.,
2021). Furthermore, these RSUs can pre-store global map
data within their control area, markedly enhancing the
depth of comprehension regarding the road environment.

(2) Efficiency

The monitoring system must possess the capability to
swiftly execute data collection, storage, and collision/risk
prediction within an acceptable duration. To optimize
time efficiency, ensuring real-time monitoring and timely
warnings, the following two critical considerations
should be taken into account during system design.
Firstly, the selection of an appropriate data transmission
format is paramount. Compared to raw sensory data, the
transmission of trajectory and movement data entails
reduced bandwidth, computational resource, and storage
space requirements. The direct acquisition of state data
additionally mitigates the risk of perceptual failures.
Secondly, the system’s data structures for storage and
predictive algorithms must demonstrate noteworthy effi-
ciency. The system should adeptly manage the real-time
storage and extraction of vehicle data with minimal time
complexity. This efficiency facilitates expeditious accident
detection and the provision of prompt warnings.

(3) Accuracy

The algorithms within the safety monitoring framework
must demonstrate a level of accuracy that enables precise
and timely warnings. Accuracy entails not only the early
detection of genuine collisions but also the mitigation of
false alarms and unnecessary disruptions. Some studies
have relied on Time-To-Collision threshold parametric
methods (Lee and Peng, 2005; Li et al., 2016) to determine
impending collisions. Nevertheless, fixed thresholds
often lack precision in specific driving environments
(Wang et al., 2020b). Setting the threshold too low may
result in vehicles failing to perceive potential risks
promptly, while setting it too high can lead to a surplus of
false warnings, potentially distracting drivers. In contrast,
safety monitoring based on trajectory and collision

prediction yields more robust results and attains more
accurate metrics.

(4) Compatibility

The safety monitoring framework should possess the
capacity to accommodate CAVs operating at varying
levels of automation in diverse conditions, thereby
enhancing overall compatibility. Firstly, scenarios may
involve the coexistence of different levels of autonomous
vehicles sharing the road (Di and Shi, 2021; Li et al.,
2022b). In some instances, driving patterns are well-
defined, whereas in others, they remain uncertain. The
system must demonstrate adaptability across a spectrum
of scenarios, employing different algorithms tailored to
the specific safety monitoring requirements of various
CAV types. Secondly, diverse potential accident types,
such as vehicle collisions and lane departures, must be
included within the monitoring system’s compatibility
framework to ensure comprehensive vehicle safety.

In line with these outlined requirements, we propose a
novel V2X-based driving safety monitoring framework.
In pursuit of comprehensiveness, we have embraced a
V2X communication-based edge computing system to
comprehensively monitor the safety of a wide spectrum
of vehicles. To enhance efficiency, we have rigorously
crafted data structures and algorithms for data storage,
prediction, and warning, with a particular focus on reducing
time complexity. For the crucial facet of accuracy, our
designed prediction and detection algorithms consistently
maintain high precision, ensuring the provision of timely
warnings, a fact corroborated through experimental test-
ing. Lastly, our framework embodies compatibility
through the incorporation of diverse algorithms tailored
to different CAV types, including collisions with both
dynamic and stationary objects.

3 Framework

3.1 Data flow and data structures

The monitoring system includes four critical functions:
Vehicle and map data storage, motion prediction, accident
detection, and accident warning. These four functions and
their respective sub-modules are executed sequentially.
Figure 1 illustrates the relevant data structures and data
flow for each sub-module.

Unlike previous ADASs that collect data in an event-
triggered manner, our monitoring system operates either
on an RSU or in the cloud. This configuration allows for
the continuous monitoring of all vehicles within a specified
spatial area, facilitating the direct recording of any
changes in their states. Furthermore, the system can
actively receive and integrate other types of messages,
including signal states and vehicle driving intentions.

To accommodate the ongoing movement of vehicles
entering and departing from the control area, our system
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Fig. 1 The illustration for data flow in the framework.

leverages a database designed for cooperative driving to
store and index raw data from CAVs. Building upon prior
research (Yuetal., 2023), we have adopted the data storage
model for cooperative driving (CD-DB) data structure.
CD-DB consists of a skip list and multiple linked lists,
effectively organizing the data of active vehicles. Within
the CD-DB structure, the skip list streamlines the storage
and indexing of vehicles, while concrete vehicle positions
and states are housed within individual linked lists.
Building upon our previous research (Yu et al., 2023), we
underscore the advantages and merits of the CD-DB
storage model as follows:

(1) With the composite data structure, specifically a
skip list coupled with numerous linked lists, we can
accomplish query and addition operations with a time

complexity of O (logn), where n represents the number of
CAVs within the control area. In comparison to alternative
storage models, this structure exhibits notably superior
performance.

(2) By segregating the storage of active vehicle data
from inactive vehicle data, we ensure the real-time read
and write operations for active data while efficiently stor-
ing inactive data through pointer copying rather than
memory copying.

(3) As vehicle data accumulates to a certain threshold,
it is transmitted to a remote cloud center for persistent
storage and refined learning and analysis. Additionally,
the incorporation of a data recovery mechanism enhances
data security.

(4) Within the safety monitoring framework, a
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noteworthy feature of CD-DB involves the inclusion of
an additional pointer. This pointer references the last
several nodes containing information from the past 5 to
10 s, given that the latest data is primarily pertinent for
prediction. The incorporation of this specialized pointer
significantly reduces unnecessary traversal time.

CAVs collect their sensor data, including global posi-
tioning system (GPS) and inertial measurement unit
(IMU) information, and transmit the data to the RSU
using on-board units (OBUs). The communication proto-
cols employed for CAVs and RSUs include IEEE
802.11p, LTE, and 5G (Tahir and Katz, 2022). The raw
data packages generated by CAVs are transmitted in
specific protocol formats, such as XML, JSON, and
protobuf (Feng and Li, 2013). Notably, the protobuf
format excels at data compression through binary transfer,
reducing both data volume and transmission delay. Each
CAV’s information is serialized into the aforementioned
formats, enabling the parsing of data packages into critical
data fields, as presented in Table 1. In this paper, our
primary focus centers on data aggregation and algorithm
utilization, along with the analysis of data measurement
and transmission influences in our experiments. Detailed
discussions regarding specific sensors and protocols are
beyond the scope of our investigation.

Vehicles cannot guarantee the transmission of data to
RSUs at regular intervals. Despite being programmed to
operate periodically, the packages received by RSUs may
not be precisely timing-aligned due to unforeseen circum-
stances. Factors such as sensor device malfunctions or
data transmission congestion can disrupt the regularity of
data transmission. To streamline subsequent tasks, our
framework incorporates interpolation methods to ensure
that the data are aligned with respect to timing. Through
the theoretical derivation, the normal linear interpolation
can satisfy the requirement. Suppose the received vehicle
position at timestamp ¢, is (x,, y, ), and position at time-
stamp ¢, is (x,,, ¥, ). The Lagrange interpolation remainder

Table 1 Data fields contained in packages from CAV to RSU
Time stamp Vehicle ID Vehicle type
Vehicle speed Vehicle position x Vehicle position y

Vehicle acceleration Vehicle orientation Vehicle size

of the linear interpolation on x-axis is x”(¢)(t,—1,)*/8,
where 1 € (1, t,), x”(¢) is the acceleration on x-axis and it
will not exceed 8 m/s?> normally, and (ty—1,)* will be
nearly 1072, So the reminder is of the 10~ order, which is
much less than the localization error itself. For the appli-
cation of trajectory prediction and collision detection, the
trimmed data can be used effectively. Moreover, the
fitting errors of the trimmed data will be reflected in posi-
tion errors of each CAV, and the impact will be further
discussed in Section 4.

The remaining sub-modules, including trajectory
prediction, accident detection, and accident warning, will
operate in a timer-triggered manner. When retrieving
historical data for vehicles, our proposed framework effi-
ciently utilizes the additional pointer to acquire recent
historical position data.

For the road environment within the control area, the
RSU will pre-store map data for subsequent use in trajec-
tory prediction and accident detection. To ensure compat-
ibility with mainstream map standards such as Lanelets
(Poggenhans et al., 2018), OpenStreetMap (Haklay and
Weber, 2008), and OpenDrive (Dupuis et al., 2010), the
RSU will store the position array of boundary ways and
their corresponding nodes, which collectively define the
road network structure. The boundary composed of a
dense sequence of discrete nodes facilitates collision
detection with stationary objects. Furthermore, Bird’s-
Eye-View (BEV) map formats offer rich semantic infor-
mation, enhancing the representation and fusion of driving
environment details. Consequently, the roadside system
will also pre-store binary grid occupancy matrices repre-
senting various road environment elements from a BEV.
The BEV map data will play a pivotal role in extracting
and learning the interactions between vehicles and the
road environment during the training of prediction algo-
rithms. Figure 2 illustrates the content of these two types
of road environment data.

3.2 The trajectory prediction algorithms

The trajectory prediction function takes historical position
data from vehicles as input. Subsequently, the prediction
sub-module generates groups of candidate future trajecto-
ries. These output trajectories are systematically stored in

(a) Road network structure representation

(b) Road environment BEV

Fig. 2 The types of road environment data.
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several aligned two-dimensional arrays to facilitate
subsequent detection. Furthermore, the confidences asso-
ciated with the candidate trajectories are also stored in a
one-dimensional array.

While some researchers have employed various meth-
ods, such as Kalman filtering (Barrios and Motai, 2011),
to predict the most probable future trajectory for lane
keeping, such approaches are primarily suited for simpler
environments, like straight highways. However, when
addressing more complex scenarios, it becomes crucial to
consider the influence of multiple potential future trajec-
tories (Zhang et al., 2022) on effective accident detection.

Based on the automation levels of CAVs, we have
designed three distinct algorithms as follows.

(1) The first algorithm

The first algorithm is tailored for low-level CAVs
where only the latest historical data is available. Previous
research (Wang et al., 2014) has demonstrated the efficacy
of polynomial curves in fitting trajectory data. In this
context, we employ the polynomial extrapolation algorithm
to estimate one candidate future trajectory for CAVs.

We denote the trimmed historical position data as
(To» Xo» Y0), (T1s Xi5 Y1)y -vvs (Tur Xy V). A Bezier spline
curve (Choi et al., 2008) of two dimensions has been
applied for efficiently estimating the future trajectory. For
example, the nth Bezier curve can be formulated as:

x(1)=% (?)Ti(l -7)"'x;
0 relo, 1]. (1)
y@=5(;)ra-o"y,

The parameters of the Bezier curve can be derived
through the fitting of the latest position samples. Subse-
quently, the Bezier curve is extrapolated to predict the
future trajectory.

The order of the Bezier curve is determined by the
number of selected sampling points from the historical
trajectory. During the Bezier curve prediction process,
two key considerations should be taken into account.

First, when a vehicle initially enters the control area of
the RSU, there may not be sufficient accumulated trajectory
data to fit a high-order Bezier curve. In such instances, it
is advisable to employ lower-order (2nd or 3rd) polynomial
curves for predicting the future trajectory. This approach
enables the system to promptly initiate monitoring
services for the vehicle, issuing timely warnings to mitigate
potential risks.

Second, as historical trajectory data accumulate, the
selection of a higher order (4th) curve for trajectory
fitting becomes pertinent. Attention should also be given
to the settings of the historical sampling time interval.
The choice of historical sampling time intervals primarily
adheres to the principles of minimizing fitting errors
based on historical trajectory samples, as outlined in
Algorithm 1.

Figure 3 provides an illustrative example of Bezier
curve prediction. In practice, prediction results may be
influenced by both data measurement errors and fitting
errors. Generally, measured data do not exhibit significant
deviations. Thus, we primarily consider fitting errors
when selecting historical parameters for the Bezier curve.
A detailed analysis of the effect of measurement errors
will be provided in Section 4.

In summary, the first prediction algorithm employs a
dynamic approach based on the Bezier curve. This
dynamic method offers the advantage of predicting
trajectories earlier and with greater accuracy compared to
the original Bezier curve. The candidate set of historical
sampling time intervals invariably includes several alter-
native values, enhancing the algorithm’s adaptability and
precision. Without increasing the order of time cost, the
complexity of the dynamic algorithm will also be O(n),
where 7 is the amount of trajectory samples.

(2) The second algorithm

The second algorithm is also designed for low-level
CAVs scenarios. In these instances, we have access to
both historical vehicle states and existing motion patterns,
signifying that we have amassed a significant volume of
sample trajectories. We leverage deep learning-based
models tailored for the precise estimation of the vehicles’
future trajectory in such cases.

Deep learning models for trajectory prediction include
Convolutional Neural Networks (CNNs) (Cui et al.,
2019), Recurrent Neural Networks (RNNs) (Xin et al.,
2018; Hou et al., 2023), and attention mechanisms
(Messaoud et al.,, 2021; Kim et al., 2021). Recent
research has emphasized that future trajectories of traffic
participants exhibit a multimodal nature due to diverse
driving behaviors. The attention mechanism-based model
has attracted considerable attention from researchers and
has demonstrated its efficacy in multimodal trajectory
prediction (Zhang and Li, 2022).

Here we provide an attention-based multi-modal
prediction network. This model draws inspiration from
our previous work (Zhang et al., 2022; Chang et al.,
2023b), which has been validated to deliver exceptional
performance in comparison to other conventional models,
such as CNN and RNN based models. Therefore, in this
paper, we employ the BEV and attention-based model
as an example for trajectory prediction and accident
warning.

In this model, as illustrated in Fig. 4, historical features
F" for each vehicle are extracted as external input, while
pre-stored BEV map data is embedded as internal input.
Additionally, utilizing vehicle positions and global map
information, the RSU generates historical scene BEVs as
external input. These scene BEVs facilitate the capture of
spatiotemporal interactions among scenario elements and
enhance the understanding of the environmental context.

Historical trajectory samples serve as queries. The
historical scene BEV and global map BEV are embedded
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Algorithm 1 Dynamic prediction method based on Bezier curve

Input: Extracted historical trajectory sequences I7aj,
Candidate set of historical sampling time interval T
Output: Predicted future trajectory Traj,
1. According to the minimal time historical sampling interval ¢, from T, calculate the maximum number of sampling

points 7 that can be extracted from T7aj, .

‘max

2. If 2t <mn, <3t. then

2nd Bezier curve with sampling interval ¢, is used.
3.0 If 3t <mn, <4t then

3rd Bezier curve with sampling interval ¢, is used.
4. If n,, >4t . then

4th Bezier curve is used. Init variable leastErr as inf.
5 For ¢ in T do
6. If n, >4t then

max

Calculate the Bezier fitting error of the historical trajectory data samples under the time sampling interval .

R R R

7. If leastErr > Err then
Temporally set sampling interval as £, . Set leastErr as Err value.
8. Use the appropriate order Bezier curve and the selected historical sampling time interval f to extract corresponding
trajectory samples from Trajy, .

9.  Fit the parameters of Bezier curve following Eq. (1), then extrapolate and output the predicted future trajectory samples

Traj, .

Future extrapolation samples Errs
Historical real samples

Historical measure samples
(75) £
- =&
/,’
Future real samples Erry,(ts) {:/
4
4
/
7/

® % O *

—— Historical data measure errors

——— — Beuzier curve J
1 Curve fitting errors 27
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Fig. 3 Illustration of Bezier curve prediction method.

using CNN models. These tensors are subsequently the decoder can generate long-time-sequence trajectories
employed as keys and values in the calculation of spatial in a single forward procedure, eliminating the time-
and temporal attention. Leveraging an attention-based consuming iterations in conventional architectures. Then,
encoder and decoder architecture, spatial and temporal the output of the decoder is fed into three prediction
features are efficiently extracted and predicted. Notably, heads to infer different possible future trajectories V.
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The predicted trajectories are also fed into a linear layer
with softmax function to further compute the confidence
scores. The model can be efficiently trained with the
Mean Absolute Error (MAE) and Negative Log-Likelihood
(NLL) loss function. The training and optimization
details are also similar.

We further consider the computation complexity of the
model. Assume that the size of BEV is H = W, the size of
the embedded tensor is E, and the length of the historical
samples is 7. The complexity of the convolution and
embedding model is O (HW + E?), the complexity of the
spatiotemporal attention model is O(E*+T?E), and the
complexity of prediction heads and confidence heads is
O(E?). In contrast to the high-dimensional BEV features,
the embedded tensor results in a substantial reduction in
time complexity. Furthermore, the attentions associated
with historical vehicle trajectories are computed using the
same set of scene BEV data. This allows for the parallel
prediction of multiple future vehicle trajectories, thereby
reducing inference time. A comprehensive analysis of
time costs and their effect will be provided in Section 4.

(3) The third algorithm

The third algorithm is employed in scenarios involving
high-level CAVs. In these instances, vehicles directly
transmit predicted future positions and intentions to the
RSU. Consequently, the prediction process is conducted
by the vehicles themselves rather than the monitoring
system. High-level CAVs, typically Level-4 or Level-5
vehicles, generally possess stronger capabilities for
scenario prediction. We do not impose restrictions on

specific algorithms, as long as they can accurately estimate
future trajectories. This approach ensures that various
autonomous vehicles from different manufacturers can be
uniformly accommodated within our monitoring frame-
work by periodically receiving their prediction results.

It is worth noting that the three prediction algorithms
may introduce certain types of errors, primarily measure-
ment errors and prediction errors. Section 4 will provide
an analysis of how these errors impact the monitoring
performance of vehicles.

To evaluate trajectory prediction, we utilize two
metrics: Average Displacement Error (ADE) and Final
Displacement Error (FDE). ADE represents the mean
Euclidean distance between ground truth positions and
predicted positions:

N

ADE = %il %Zl VP o-p0). @

and FDE is mean Euclidean distance between the final
ground truth positions and predicted positions.

1N , 2
FDE = 3 3 (5 (0= 3 @) 3
where pi™” (i) is the ground truth positions of ith vehicle
at future timestamp ¢, p{*” (i) is the predicted positions of
ith vehicle at future timestamp z, F is the prediction time
horizon, and N is the amount of vehicles. For the second
prediction model, the final metrics are calculated between
the predicted candidate trajectory with the highest confi-
dence and the ground truth trajectory.
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3.3 The accident detection algorithm

The accident detection function utilizes the predicted
trajectory data of each vehicle as inputs and generates
outputs indicating the presence of potential accidents
associated with the vehicles’ future positions. This sub-
module calculates and assesses potential risks, subse-
quently consolidating the detection results for the warning
sub-module.

Accidents can be broadly categorized into two types:
Those involving dynamic objects, such as surrounding
vehicles, and those involving stationary objects, such as
road boundaries and temporarily restricted zones indicated
by signs or signals. By estimating the trajectory of each
vehicle, it becomes feasible to establish a series of rectan-
gles representing the vehicle’s future positions within
specific time intervals. Similarly, the boundaries of
stationary objects are represented as line segments. To
evaluate whether a vehicle will collide with other objects
within the future time intervals, we employ the line inter-
section algorithm (Antonio, 1992). An illustration of the
algorithm is provided in Fig. 5.

For line segment AB and CD, initially, a fast exclusion
method is employed to determine whether the lines
projections onto the x and y coordinates will overlap. If
no overlap is detected, it can be concluded that there is no
intersection between the line segments. Conversely,
further cross product checks are performed as follows:

(ABxAC)-(ABxAD) <0, (CDxCA)-(CDXCB) <0.
4)

If true, we will judge the existence of line overlapping.
For stationary objects, the accident detection process
includes two steps. Firstly, the candidate future trajectories
of vehicles are scrutinized to determine whether they will
intersect with or traverse the boundaries of lanes or roads.
Secondly, the system assesses whether vehicles are likely
to disregard traffic regulations, such as violating traffic
lights. To streamline these evaluations, the proposed
system maintains and indexes the boundaries of both
permanently and temporarily restricted zones within a
one-dimensional array. This approach ensures efficient
accident detection through enumeration. The operation
complexity is O (mn), where m represents the amount of

Detected
collision

Vehicle A
trajectory

vehicles and n represents the amount of stationary
objects.

Regarding dynamic objects, accident detection entails a
one-by-one comparison of the candidate trajectories for
each vehicle. The line segments representing these future
trajectories are aligned in time, enabling consistent evalu-
ations at specific time intervals. The algorithm assesses
whether the trajectories and vehicle rectangles intersect at
the corresponding future time intervals. The operation
complexity is O(pf), where p represents the amount of
vehicle pair and f represents the amount of predicted
future position points.

3.4 The accident warning algorithm

The determination of warnings varies depending on the
CAV levels. In the case of low-level CAVs that utilize
the first prediction algorithm, as well as high-level CAVs
that produce a single candidate trajectory as the prediction
model output, warnings are promptly activated if the
system detects an impending accident based on the calcu-
lated risks. However, for low-level CAVs employing the
second algorithm, the system assesses every pair of
candidate trajectories for each vehicle pair to confirm
whether they meet a specific condition (Eq. (5)). If the
condition is met, dynamic warnings are triggered. Simi-
larly, for stationary warnings, we assign a confidence
value of 1 to the positions of lane or road boundaries, and
warnings are determined in a similar manner. The collision
detection results are weighted by the confidences of the
candidate trajectories. With the assistance of the threshold
method, the proposed system effectively filters out false
warnings associated with low-confidence trajectories.

min (coan,, confB/)-I(A,-, B)>TH
1 accident detected for A; and
B; candidate trajectory . )

0 accident not detected
1<i, j<n, confy, confs €(0, 1), THe(0, 1)

where 7 is the candidate trajectory number, conf,, is the
confidence value of the ith trajectory for vehicle A, conf;,
is the confidence value of the jth trajectory for vehicle B,
I(A;, B)) is characteristic function, and 7H is threshold
adapted to scenarios.

A(xp, Vo) e, ',«'. D(xp, Yp)
Clxc, ve) o " B(xg, ¥n)

Vehicle B
trajectory

Fig. 5 Accident detection with predicted positions.
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Upon confirming warning information, the module
generates data packages containing the current states of
the objects predicted to be involved in collisions with the
assessed vehicles. These packages also incorporate the
predicted accident timestamp and the corresponding posi-
tions of potential accidents. Subsequently, the monitoring
system transmits messages to CAVs via V21 communica-
tion. Upon receiving the warning information, the CAVs
execute necessary control and maneuvers to avert acci-
dents.

To assess the warning performance of the safety moni-
toring framework, we employ the confusion matrix
(Batista et al., 2000). The terms “Positive” and “Negative”
pertain to the involvement of each vehicle in an accident
or its absence during the scenario’s progression. If an
accident occurs, the corresponding sample is labeled as
positive; conversely, if no accident occurs, it is labeled as
a negative sample. Similarly, the terms “Positive” and
“Negative” in the warnings refer to whether the system
has the ability to deliver precise and rapid-response warn-
ings when a vehicle is on the verge of collision.

After evaluating the system warnings and comparing
them to actual accidents, the warnings can be categorized
into four types as follows:

(1) True Positive (TP), where the accident is positive
and the warning is also positive.

(2) False Positive (FP), where the accident is negative
while the warning is positive.

(3) True Negative (TN), where the accident is negative
and the warning is also negative.

(4) False Negative (FN), where the accident is positive
while the warning is negative.

Category percentages can be calculated to provide a
comprehensive assessment. For example, the True Positive
Rate (TPR) and False Positive Rate (FPR) are as follows:

TP FP

TPR= ——, =
TP+ FN FP+TN

FPR (6)

4 Simulation results

To assess the effectiveness of the proposed system, a
series of experiments have been conducted. These experi-
ments are outlined as follows:

Determination of System Parameters: The system’s
parameters are appropriately configured to ensure optimal
performance.

Processing Speed Evaluation: The processing speed of
the system is tested under various algorithms and scenarios
to assess efficiency.

Error Analysis: The relationship between measurement
and prediction errors and the system’s warning perfor-
mance is analyzed to understand their impact.

Data Transmission Delay Study: The impact of data
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transmission delay on the driving safety monitoring
system is examined to assess its implications.

Comparison of Prediction Algorithms: Different
prediction algorithms are compared to evaluate their
performance. Due to space constraints, the experiments
focus on low-level CAVs and specifically investigate the
first and second prediction algorithms.

To conduct these experiments, simulations are carried
out using various datasets that meet specific criteria. The
selected datasets should have the following characteris-
tics:

(1) Sufficient Data Duration: The datasets should
contain vehicle motion data with relatively long continuous
durations to accumulate enough data for simulation and
validation.

(2) Large Spatial Area: The spatial area covered by the
datasets should be relatively large to demonstrate the
advantages and significance of V2X-based methods
effectively.

(3) Diverse Scenarios and Road Maps: The datasets
should include various types of scenarios and correspond-
ing road maps to support a wide range of experiments.

As a representative dataset for these experiments, the
Interaction dataset (Zhan et al., 2019) has been chosen.

The dataset used for experimentation includes inter-
active scenarios, providing both tracking information for
vehicles and high definition (HD) map data. The proposed
framework is validated in two specific scenarios: Ramp
merging and urban intersections, corresponding to the
DR _CHN_ Merging ZS and DR_USA _Intersection EPO
data folders, respectively. As the initial datasets do not
originally contain dynamic collisions among vehicles, a
process is employed to accelerate or decelerate a subset
of vehicles, and authentic accidents are selected and
simulated. The data processing is carried out using the
MetaScenario framework (Chang et al., 2023a). Figure 6
illustrates scenes from these scenarios, showcasing exam-
ples of both stationary and dynamic collisions.

During the experiments, the machine utilized is
equipped with an Intel 10900X CPU and 64 GB of RAM.
The server runs on Ubuntu 18.04 LTS. The primary
programming language used for implementing the main
framework is C++, which interfaces with the deep learning
model through PyTorch.

4.1 Selection of system parameters

The system operates in a timer-triggered manner, and
several timer parameters are crucial for its effective func-
tioning. These parameters include:

(1) System Check Time Interval: This represents the
time interval between system-executed cycles of accident
prediction and detection.

(2) Historical Trajectory Time Horizon: This specifies
the duration for which historical trajectories of vehicles
are considered.
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Fig. 6 Examples of accident scenes in our experiment.

(3) Historical Sampling Time Interval: This sets the
frequency at which the system samples and extracts
historical data.

(4) Prediction Time Horizon: This determines the time
span into the future for which the system predicts the
movements of vehicles.

(5) Prediction Sampling Time Interval: This sets the
frequency at which the system samples and predicts the
future positions of vehicles.

Figure 7 provides visual explanations of these timer
parameters.

Balancing warning performance and computational
complexity is essential when selecting these parameters.
The first prediction algorithm, with lower precision
compared to the others, requires careful consideration
when determining the appropriate parameter settings. To
illustrate the parameter selection process, we will focus
on the ramp merging scenario with the first algorithm,
which typically involves a higher number of vehicles and
exhibits more noticeable trends.

There are several considerations when selecting the
timer parameters for the system:

Historical Time Horizon and Historical Sampling Time
Interval: Setting an excessively long historical time horizon
may pose challenges due to the limited calculation capa-
bility of prediction models. The dynamic prediction
method based on the Bezier curve selects historical time
horizon and historical sampling interval parameters
dynamically, making the most of the past 5 s of trajectory
data with the least error. The historical sampling time
interval is adaptively selected according to Algorithm 1.

Prediction Time Horizon: Considering CAV Kkinetic
parameters (Wang et al., 2021) and findings of
Brannstrom et al. (2013) and Lee and Yeo (2016), the
typical prediction time horizon for risky driving behaviors
falls within the range of 1.2 to 3 s. The majority of events
in the Interaction Merging dataset occur around 2 s
(Wang et al., 2022). Therefore, setting the prediction
horizon to 2 s is reasonable to effectively monitor risky
driving behaviors during the simulation.

System Check Frequency and Prediction Sampling
Time Interval: Careful selection of these parameters is
crucial to ensure CAV safety and minimize false alarms.
In the experiments, various combinations of parameters
are tested. The check time interval is varied within the
range of 0.1 to 1.5 s, while the prediction time interval is
varied within the range of 0.2 to 1.0 s.

The system uses TPR and FPR metrics as criteria for
parameter selection. These metrics were introduced in
Section 3.4. Figure 8 displays the changes in these
metrics.

The observations regarding the selection of timer
parameters are as follows:

(1) Check Frequency: Lowering the check frequency
(decreasing the check time interval) leads to an increase
in TPR for both dynamic and stationary collisions.
However, it also results in an increase in FPR. This indi-
cates that lower check frequency hinders timely accident
detection in vehicles, reducing safety assurance but mini-
mizing disturbance to vehicles.

(2) Prediction Sampling Time Interval: For dynamic
collisions, increasing the prediction sampling time interval
significantly reduces TPR metrics. If the prediction

Historical sampling
time interval

Prediction
time horizon

M

lL lr | | }l | | l \ >
Historical trajectory System check Prediction sampling
time horizon time interval time interval

Fig. 7 A visual illustration of system timer parameters.
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Fig. 8 Variation of warning TPR and FPR metrics with check time interval and prediction time interval parameters (the check time intervals
are annotated near the data points, and the left and right plots share the same legend).

sampling interval is relatively high (e.g., 1.0 s), it also
leads to an obvious increase in FPR metrics. For stationary
collisions, an increase in the sampling time interval
primarily results in an increase in FPR metrics.

(3) Dynamic Bezier Curve Prediction: Compared to the
original Bezier curve method (Chang et al., 2022), the
dynamic Bezier curve prediction method improves TPR
significantly for dynamic objects without increasing FPR.
For stationary objects, the TPR and FPR metrics change
only slightly.

The parameter combinations located around the upper-
left curve region are generally considered more effective.
Taking computational time cost into account, the check
frequency is set to 2 Hz (0.5 s check time interval), and
the prediction time interval is set to 0.2 s. These parameters
are also suitable for the intersection scenario dataset and
subsequent simulation comparisons.

4.2 Process efficiency testing of the framework

The time cost of the proposed framework is distributed
among several components: Data storage, movement
prediction, and accident detection. In the ramp merging
scenario, the RSU controls an area within the range of
150 m x50 m, and approximately 100 vehicles engage in
continuous information interaction with the system. The
spatial distribution of vehicles in the ramp merging
scenario is relatively dense. In the intersection scenario,
the RSU controls an area within the range of
140 mx 80 m, and approximately 20 vehicles perform
data transmission and interaction simultaneously in the
intersection area.

For both scenarios, the processing speed is tested using
the first and second prediction methods. The average time
for processing per 1 s data stream is provided in Table 2.

As indicated in Table 2, efficient data storage can be
realized through the utilization of the CD-DB data struc-
ture. Detailed discussions regarding alternative data stor-
age models have already been conducted in our prior

Table 2 Average processing time (ms) of each sub-module for per
1 s data stream

Type Data storage  Trajectory Accident Sum
prediction detection

Ramp first 0.126 1.462 3.798 5.386

Ramp second 0.126 66.802 3.798 70.726

Intersection first 0.079 0.432 0.482 0.993

Intersection second 0.079 31.350 0.482 31.911

work (Yu et al., 2023), obviating the need for further
elaboration here. The historical position data retrieval
operates with expediency, with the first algorithm’s
processing time in the ramp merging scenario quantified
at 1.462 ms. In contrast, the accident detection sub-
module scrutinizes vehicle positions and road boundaries
exhaustively, resulting in a relatively greater time expen-
diture, specifically 3.798 ms.

In the context of the intersection scenario, where the
vehicle count is comparatively lower, the temporal over-
head for both the initial prediction algorithm and collision
detection algorithm is notably reduced, measuring at
0.432 and 0.482 ms, respectively — figures that are
lower than their ramp merging scenario counterparts.

Concerning the second trajectory prediction algorithm,
deep learning models necessitate increased computational
resources and demand more time from RSUs. Neverthe-
less, in the proposed attention-based multi-modal pre-
diction algorithm, we mitigate the inference time by
enabling concurrent attention calculations on the same
group of BEV scenes and the prediction of multiple vehi-
cles in parallel. The inference time is confined to a maxi-
mum of 100 ms when processing a per 1 s data stream, a
duration deemed acceptable in comparison to prior
research (Zhang et al., 2022).

Furthermore, it is crucial to clarify that the training of
deep learning models incurs higher time costs than the
inference stage. However, training can be conducted
offline. Upon accumulating a substantial volume of vehicle
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movement data, it can be uploaded to a remote cloud
center to initiate the training process for the development
of a valuable prediction model. Although this process is
time-intensive, the temporal burden is borne by cloud
training and analysis rather than practical real-time appli-
cation. Consequently, the provided statistics in this
context pertain exclusively to inference time. Addition-
ally, as more vehicle data accumulates within the control
area, the prediction model stands to benefit from further
refinement through training with novel data in the cloud
environment.

It is worth noting that the temporal expenditure is
contingent on parameter selection. Fine-tuning parameters
may lead to increased time consumption for prediction
and detection functions. However, judicious parameter
selection, as expounded in Section 4.1, empowers the
framework to effectively manage cooperative driving
scenarios within an acceptable temporal envelope.

4.3 Impact of measurement error
Measurement errors may arise from diverse sources,

including inaccuracies in sensors, the GPS system, and
data transmission. Following the insights of Meng et al.
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(2018), it is assumed that these errors can be reflected as
deviations in vehicle positions.

In our investigation of their impact, we utilize the unal-
tered data as the baseline for accuracy comparison. Gaus-
sian noise, characterized by a mean of zero and varying
standard deviations, is introduced to the position data to
replicate measurement errors. In our evaluation of vehicle
safety, our attention is concentrated on TPR metrics.

As depicted in Fig. 9, the statistical results afford
insight into the following three key observations:

(1) At lower levels of noise intensity, the framework
exhibits a notable capacity to maintain a relatively high
TPR metric. However, as noise intensity escalates, corre-
sponding to increased deviations, there is a substantial
decline in TPR metrics for dynamic collisions. The TPR
for stationary warnings also experiences a reduction,
albeit less pronounced than that observed for dynamic
warnings.

(2) Introducing measurement noise, we observe that
warning metrics reliant on the second prediction algorithm
markedly outperform those predicated on the first predic-
tion algorithm. In the context of dynamic warnings,
disparities in noise scales within each subgraph reveal
that the deep-learning-based model displays superior
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Fig. 9 TPR changes with noises of different deviations for warnings in different scenario datasets (the o standard deviation scales are

different in the first and second prediction algorithms).
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noise tolerance compared to the Bezier polynomial
prediction model, with an increase of an order of magni-
tude. For stationary warnings, as indicated in Table 3, it
becomes evident that both lane width and road width in
intersection scenarios surpass those in ramp scenarios. In
scenarios with broader roads (such as intersection scenar-
i0s), warning performance for stationary objects proves
less susceptible to the influence of vehicle position noise.
This phenomenon arises from the fact that on narrow
roads, disturbances or noise can significantly alter the
judgment results concerning contact with stationary
boundaries, whereas the situation reverses on wider roads.
Consequently, in ramp scenarios, there exists no substantial
difference in noise tolerance between the two prediction
methods, while in intersection scenarios, the second algo-
rithm’s performance surpasses that of the first, which can
be obtained by comparing the results of two algorithms at
0.1 m standard deviation noise.

(3) Notably, it is evident that within the error intensity
of 0.05 m standard deviation for the first prediction algo-
rithm and 1.0 m standard deviation for the second predic-
tion algorithm, our proposed system consistently achieves
a TPR exceeding 80% across various scenarios. These
results align favorably with performance discussions in
existing research studies (Lee and Peng, 2005; Guyonvarch
et al., 2020; Wang et al., 2020b).

It is worth highlighting that global navigation satellite
system (GNSS)-based localization typically provides a
position accuracy of approximately 5 m (Tavani et al.,
2020). Based on the measurement error analysis, the
framework advocates equipping CAVs with real-time-
kinematic (RTK) equipment, capable of achieving
centimeter-level positional accuracy, to enhance prediction
precision.

Table3 Comparison for lane/road widths in different road environment

Environment Lane width/m Road width/m
Ramp 3.30 7.70
Intersection 4.27 9.97
o
o
1.6}
é 14}
512 0.5-0.8
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o 0.8 071
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(a) First prediction method

4.4 Impact of transmission delay

In the course of data exchange and transmission between
CAVs and RSUs, the occurrence of data transmission
delays is an inherent inevitability.

In the context of data transmission from CAVs to RSUs,
the system integrates a timestamp examination process
during data package collection. Subsequently, employing
an interpolation method, the data are both trimmed and
temporally synchronized along the time axis. Conse-
quently, the repercussions of this time delay align with
the same factors previously addressed concerning data
measurement inaccuracies.

Regarding data transmission from RSUs to CAVs, an
assessment of time delay margins is conducted. The
margin refers to the available time span between the
timestamp when the CAV receives the warning and the
timestamp at which accident avoidance maneuvers are
effectively executed, as elucidated by Li et al. (2022a).
Notably, the time incurred for data processing and model
inference is duly accounted for and is excluded from the
results pertaining to time margins.

By scrutinizing the statistical data illustrated in Fig. 10,
two key observations can be outlined:

(1) The mean tolerable time delay margin for CAVs
across the aforementioned scenarios surpasses 0.67 s.
Remarkably, a minimum of 94% of warning instances
can accommodate a time transmission delay as brief as
0.1 s. It is noteworthy that, in accordance with contempo-
rary advancements in the V2X communication protocol,
as discussed by Chen et al. (2016), the maximum latency
is expected to remain below 0.1 s. This substantiates the
framework’s capability to withstand transmission delays,
as corroborated by experimental results.

(2) The second prediction method necessitates a more
substantial computational time. This aligns with the
requisites of deploying algorithms on the roadside, where
enhanced computational resources can be availed. Conse-
quently, the residual time delay margin experiences a
minor reduction when contrasted with the first algorithm
in instances of correctly-triggered warnings. Opting for
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Fig. 10 Distributions for time delay margin of correctly-triggered dynamic warnings.



Cheng CHANG et al. CAV driving safety monitoring and warning via V2X-based edge computing system

the first prediction method enhances real-time perfor-
mance and mitigates warning failures arising from data
transmission delays. Nonetheless, it is crucial to acknowl-
edge that the accuracy and scope of risky scenarios
addressed by the first algorithm are inferior to those of
the second, a topic that will be subject to further discussion
in subsequent discourse.

4.5 Comparison between different prediction algorithms

For the first algorithm, the parameters are derived
through Algorithm 1, which minimizes fitting errors on
trajectory samples. In contrast, the second algorithm
necessitates comprehensive training of the dataset to
discern driving patterns and forecast future trajectories.
During the training stage, we configure the batch size as
B =64, the embedding dimension as £ =8, and employ
the Adam optimizer with an initial learning rate of 0.001.
It is crucial to note that when applying the model to other
scenario datasets, parameter adjustments should be made
judiciously. The training regimen includes approximately
300 epochs, with the dataset partitioned into training,
validation, and test sets in an 8:1:1 ratio. The optimal
model is determined based on its performance on the
validation set, subsequently culminating in a final evalua-
tion on the test set.

We conduct a comparative analysis of prediction
performance using different methods, evaluating the
ADE and FDE metrics. Furthermore, we assess system
warning performance through the TPR and FPR, with the
results presented in Table 4. To gain deeper insights, we
also perform error distribution statistics and examine how
the two algorithms’ performance evolves over prediction

Table 4 Comparison for different prediction methods

121

time. The errors are modeled by a gamma distribution to
facilitate quantitative analysis, and the results for the
ramp scenario dataset are provided as an illustration in
Fig. 11.

Combining the findings from Table 4 and Fig. 9 with the
aforementioned experimental statistics, we compare the
two prediction algorithms along the following dimensions:

(1) Within a 2 s prediction time horizon, it is evident
that the mean displacement error remains below 0.6 m in
the ramp scenario and 0.8 m in the intersection scenario.
In terms of warning metrics, particularly TPR and FPR,
the proposed system effectively fulfills accident warning
tasks within these prediction error thresholds.

(2) In comparison to the first prediction algorithm, the
second algorithm exhibits diminished prediction errors.
Furthermore, it enhances warning performance by
increasing TPR by 2% while reducing FPR by nearly half.
As time progresses, the parameters of the fitted gamma
distribution gamma(a, B) will change, which mainly
reflects in the significant decrease of 8 parameter. When
a parameter is almost constant, the decrease of S will
lead to an increase in both the mean and variance of
prediction errors. Additionally, the second prediction
algorithm demonstrates superior prediction accuracy,
especially as the prediction time horizon extends.

(3) Drawing upon the aforementioned experimental
results, it becomes evident that the second prediction
algorithm offers enhanced accuracy and greater tolerance
to noise compared to the first algorithm. However, it does
exhibit relatively weaker real-time warning capabilities.
The selection of the appropriate prediction algorithm
should consider the trade-offs between these performance
aspects across various conditions.

5 Performance comparison and analysis

Algorithm ADE/m  FDEm  TPR/% FPR%  of single vehicles and V2X-based edge
Ramp first 0.25 0.58 96.06 0.73 computing system
Ramp second 0.18 0.39 98.43 0.40
Intersection first 0.31 0.76 95.45 3.69 5.1 Comparison on naturalistic scenario datasets
Intersection second 0.28 0.65 97.27 2.35 . . .
The warning performances of single vehicles generally
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fall below those of CAVs, primarily due to a range of
factors including constrained sensing capabilities, percep-
tual inaccuracies, and instances of recognition failures.
Within this section, we investigate the conceivable
disparities in warning performance arising from the
restricted sensing range of single vehicles. Figure 12
offers a visual juxtaposition of the sensing ranges
between CAVs and single vehicles.

Within the simulated environment, where vehicles are
closely spaced, and scenarios include diverse instances of
vehicle congestions and road occlusions, we establish the
sensing range for individual vehicles as a square area
with aradius of 30 m around each vehicle. Other parameters
remain consistent with the previously configured settings.
The simulation includes both single vehicles and CAVs
operating within the same system environment. Trajectory
prediction is executed using the second algorithm, noted
for its superior detection rates. The results are presented
in Table 5.

Upon examining Table 5, it becomes apparent that TPR
metrics for stationary collisions demonstrate similarity
between single vehicles and CAVs. However, in the
context of dynamic accident detection, CAVs exhibit
superior performance compared to single vehicles, show-
casing significantly improved warning capabilities in
both types of scenarios. Furthermore, the system’s perfor-
mance for CAVs surpasses that of certain previously
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published collision warning algorithms (Lee and Peng,
2005; Lee and Yeo, 2016; Lyu et al., 2022).

In the context of dynamic warnings, CAVs demonstrate
the capability to deliver timely warnings for all dynamic
objects across both scenario types. In contrast, single
vehicles, constrained by their limited sensing range, may
exhibit insensitivity to certain dynamic collisions, resulting
in delayed detection.

Additionally, we conducted an analysis to identify the
specific categories of dynamic warnings that elude detec-
tion by single vehicles. As depicted in Fig. 13, single
vehicles encounter challenges in providing timely warn-
ings in approximately 12% of dynamic collision scenar-
ios. Among the instances of missed warnings, it is
observed that the inter-vehicle gaps and speed differentials
among interacting vehicles, measured 2 s prior to the
collision, are markedly higher than in cases where warnings
are triggered accurately. This observation suggests that
the failures in warnings by single vehicles can be
ascribed to two primary factors. Firstly, single vehicles
may possess limited capacity to preemptively perceive
impending accidents, particularly when substantial gaps
exist between vehicles. Secondly, single vehicles may
struggle to activate timely warnings when faced with
significant speed differentials among the involved vehi-
cles.

In Fig. 14, we present a representative illustration of
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Fig. 12 Sensing range comparison for single vehicle and CAV.

Table 5 Warning performances comparison for CAVs and single vehicles

Ramp Data Ramp Data
System dynamic — - System stationary — -
Positive Negative Positive Negative
Positive CAVs 60 100.00% 2 0.32% Positive CAVs 65 97.01% 3 0.48%
Single vehicles 54 90.00% 2 0.32% Single vehicles 64 95.52% 2 0.32%
Negative CAVs 0 0.00% 627 99.68% || Negative CAVs 2 2.99% 619 99.52%
Single vehicles 6 10.00% 627 99.68% Single vehicles 3 4.48% 620 99.68%
Intersection Data Intersection Data
System dynamic — - System stationary — -
Positive Negative Positive Negative
Positive CAVs 40 100.00% 2 1.22% Positive CAVs 67 95.71% 5 3.73%
Single vehicles 34 85.00% 2 1.22% Single vehicles 65 92.86% 4 2.99%
Negative CAVs 0 0.00% 162 98.78% || Negative CAVs 3 4.29% 129 96.27%
Single vehicles 6 15.00% 162 98.78% Single vehicles 5 7.14% 130 97.01%
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Fig. 13 (a) The distribution about whether single vehicles trigger timely warning for dynamic objects; (b) indicators comparisons for the

positive and negative warning cases.
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Fig. 14 A typical example of risky warnings by CAVs and single vehicles.

risky warnings within the scenario dataset. Owing to the
constraints imposed by the intersection’s geometry and
the visibility obstructions caused by vehicle 26, 31, and
28, these vehicles are unable to establish mutual perception
promptly by themselves. However, with the aid of a V2X-
based edge computing system, the data and contextual
scenario information can be swiftly extracted to facilitate
accident detection. Consequently, the V2X warning is
issued 1 s in advance of the warning generated by a
single vehicle, affording more time and distance margin
for the adjustment of vehicle trajectories.

5.2 Comparison in real world environment

We also conducted real-world experiments to evaluate
the proposed V2X-based monitoring system at the Shunyi
testing field in Beijing, China. The experiments were
conducted as follows.

Devices: For the experiments, we arranged 10 intelligent
vehicles equipped with OBUs and one RSU. As illustrated
in Fig. 15, the OBU devices incorporate multiple
modules, including GPS, WiFi, Bluetooth, and a V2X
communication module. These vehicles employ the OBU
to transmit and receive data packets with the RSU. In

general, the communication signals between OBU and
RSU can cover a range of up to 500 m. The position data
of OBUs is subscribed, and the data transmission interval
between OBU and RSU is set at 0.1 s. Each data package
contains core vehicle state information, occupying
approximately 54 bytes.

Scenario: As depicted in Fig. 16, we orchestrated the
movement of 10 vehicles through the 150 mx 150 m
intersection. Six vehicles were positioned to traverse
from the west side to the east side, while four vehicles
were designated to travel from the south side to the north
side. Throughout the progression of this driving scenario,
the vehicles were required to remain vigilant for side and
forward collision warnings.

Experiments: We collected and processed the data
from both OBU and RSU sources, subsequently
constructing consistent scenarios in CAVSim (Zhang
et al., 2023), a simulator tailored for CAVs environments.
As depicted in Fig. 17(a), two of the ten vehicles
approached the intersection from the west and south sides
individually. Due to the constraints posed by road geometry
and limited visibility, these vehicles encountered chal-
lenges in perceiving each other directly. However, they
were able to access comprehensive global scenario
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Fig. 16 The scenarios that under real-world vehicle testing.

information through data interactions between their
OBUs and the RSU. In this scenario, our proposed moni-
toring framework successfully issued an early warning at
5.6 s, as illustrated in Fig. 18, with signals transmitted to
the vehicles to convey risk warnings. Analyzing the
trajectory changes in Fig. 17(a) and velocity alterations in
Fig. 17(b), it becomes apparent that the vehicle executed
reactive deceleration maneuvers, successfully averting a
collision. These experiments serve to substantiate the
practical efficacy of our framework.

6 Conclusions

This paper presents a novel safety monitoring framework
tailored for CAVs. The framework seamlessly integrates

efficient algorithms and data structures to assess risks
using real-time data. It includes various trajectory predic-
tion algorithms adaptable to different CAV levels. To
ensure streamlined execution, the system is implemented
on the roadside, capitalizing on the computational capa-
bilities afforded by edge computing.

The monitoring framework effectively meets the criteria
of comprehensiveness, efficiency, accuracy, and compati-
bility. Through extensive simulations, the framework’s
effectiveness is empirically verified. By maintaining the
measurement error within the range of zero-mean Gaussian
noise with a standard deviation of 0.05 m for the first
prediction algorithm and 1.0 m for the second prediction
algorithm, and by judiciously selecting parameters, the
framework attains a remarkable TPR of over 80% for
accident detection. Furthermore, approximately 96% of
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Fig. 17 The motion process and spatial temporal trajectories of the two vehicles.

Fig. 18 The warning signals that transmit to the vehicle.

system warnings are robust against transmission delays
exceeding 0.1 s. The system demonstrates its efficiency
in CAV environments with minimal time overhead.
Additionally, we elucidate the appropriate selection of
prediction algorithms under diverse conditions. Both
simulation and real-world testing substantiate that the
V2X-based edge computing approach surpasses conven-
tional single-vehicle approaches in terms of warning
performance.

It is worth noting that certain aspects are not extensively
explored due to space limitations. In real-world driving
scenarios, it is common for not all vehicles to be CAVs
(Ma et al., 2023). Accessing data from human-driven
vehicles can be challenging, and the presence of pedestri-
ans and non-motorized vehicles in the transportation
system (Gao et al., 2023) introduces additional complexi-
ties that necessitate consideration. Our future research
endeavors will concentrate on developing methods to
facilitate safe cooperative driving under these conditions.
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