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With the development of sensing, wireless communication, and real-time computing technologies, vehicles
are gradually becoming more and more intelligent. To provide safe autonomous mobility services, connected
autonomous vehicles (CAVs) need to obtain complete information about their environment and process it
in real-time to make driving decisions. However, the rapid increase in data volume puts pressure on CAVs
to process tasks in real time. This survey analyzes CAVs delay optimization from the perception layer, com-
munication layer, computation layer, and cross-layer. According to different coordination modes, each layer
of CAVs is divided, and the problem of delay optimization is classified in fine granularity. This survey will
help researchers gain insight into the mechanism of delay optimization on CAVs and highlight the key role
of optimized delay in autonomous driving.
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1 Introduction

With the rapid development of artificial intelligence and sensor technology, traditional cars are
gradually moving toward more intelligent autonomous vehicles (AVs) [5, 52, 178, 208]. Optimists
predict that AVs will be reliable enough and commercially affordable to replace human driving by
2030 [137]. However, due to the limited resources of AVs itself, it is difficult to handle various
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tasks promptly [100, 137]. At the highest level of vehicle automation, connected autonomous
vehicles (CAVs) will usher in AVs that use wireless communication to connect with transportation
infrastructure and vehicle networks to get more resources [2, 70, 101, 172, 214]. Compared to
traditional AVs, CAVs cooperatively perceive, communicate and compute with infrastructure or
road-side units (RSUs) to collect data on traffic flow, road conditions, weather, and air quality in
real-time [68]. In addition, CAVs are regarded as an effective solution to alleviate traffic congestion,
road safety, and other issues facing the current road traffic system [143].

Connected autonomous vehicles refer to vehicles equipped with intelligent driver assistance
systems and communication technologies that interact with the elements of the surrounding driv-
ing environment [2, 70]. The application of vehicle edge computing (VEC) makes it possible for
CAVs to interact with other nodes without barriers, allowing CAVs to expand sensing range, reduce
data transmission, and optimize computing latency [197]. The perception system of CAVs shares
and fuses information gathered from vehicle sensors and road infrastructure to better understand
the surrounding environment [6, 36, 214]. The communication system improves the performance
of CAVs to enable collaborative capabilities, namely, collaborative perception and collaborative ma-
nipulation [2, 27, 54, 216]. With the assistance of the first two, the computation system completes
collaborative computing tasks more efficiently and ultimately brings a safer and more comfortable
driving experience [70, 111, 137, 178]. VEC helps to solve problems faced by CAVs in environ-
mental data acquisition, communication, and computation [26, 46, 132, 153], thereby supporting
intelligent transportation system services, smart city applications, and urban computing [70].

It is worth mentioning that L2-level autonomous driving generally requires the end-to-end
(E2E) delay of 20ms ~ 100ms for sensing data acquisition, transmission, and data calculation
and processing [119, 178]. This is generally considered an acceptable range, and specific latency
requirements may vary from application to application. More importantly, CAVs equipped with
many high-definition cameras generate 2 GB of data per second, while fast data processing requires
250 trillion computational operations per second [111]. However, performing efficient computation
based on such large amounts of data is challenging, because it requires reliable and low-latency
methods to accommodate multiple services [184]. How to effectively reduce delay in CAVs is still
an open challenge [46, 70, 184, 214].

To comprehensively analyze and understand the delay of CAVs in the VEC environment, it is
important to thoroughly study the composition of various structural layers and related problems.
For example, in the perception layer, how to improve the speed of object detection; in the commu-
nication layer, how to ensure the efficiency of data transmission; in the computation layer, how
to choose the appropriate collaborative computing destination. By comprehensively analyzing the
delay problem, we can understand the mutual influence and interaction between different layers
to make systematic optimization. Only a comprehensive analysis at every layer can find the best
integrated solution to improve the performance and efficiency of the entire CAV system. In this
survey, we comprehensively analyzed the delay problem of each structural layer of autonomous
vehicles, filling in the gap in the existing surveys.

1.1 Scope and Contributions

The section discusses the scope and contributions of this survey. As is shown in Figure 1, the
survey is initially selected by searching publications using keywords in recent years on Google
Scholar, IEEE Xplore, ACM Digital Library, DBLP, and so on. The types of publications searched
consist of two parts: surveys and research papers. Although some research papers are included
in the surveys, to cover a comprehensive set of important publications in the field, we search for
keywords at each layer of CAVs in a fine-grained manner and select research papers that meet the
evaluation metrics. This process continues until no new articles are found. We then analyze the
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Fig. 1. Road map of systematic surveying.

most relevant and important articles by reading the abstract and the main findings of the paper.
In this process, papers that are less relevant to the scope of the investigation are filtered out. The
selected papers form the core of this survey, and we have made continuous updates throughout
the survey writing process to cover papers published since the beginning of our process.

The scope of this survey. Keywords used to search include two aspects: (1) About computing
paradigm. Edge computing, vehicular edge computing, mobile edge computing, fog computing;
(2) About vehicle paradigm. CAVs, IoVs, autonomous driving, vehicular environments, intelligent
transport systems. We start by looking for a review of computational paradigms on a search engine.
Second, we further find a review of vehicle paradigms on this basis. We prioritize review articles
from flagship journals due to their significant reference and analytical value to us, such as ACM
Computing Surveys and IEEE Communications Surveys & Tutorials, and so on. To ensure scope focus,
this survey does not discuss other related areas as follows: (i) Other paradigms, such as unmanned
aerial vehicles [147], robotic [47]; (ii) Referring to the landscape of surveys, including aspects such
as vision, challenges, and future work [156].

The scope of research papers. The keywords for each layer of the connected car are shown in
Figure 1. We find research papers on search engines by the above keywords. In addition, to avoid
keyword matching limitations, we manually searched the publications of the top-tier conferences
and journals in the relevant subject areas for the past five years, such as TPDS, TMC, TON, SIG-
COMM, MobiCom, CVPR, ICCV, RTSS, and so on. In line with the research theme of this article,
we use evaluation criteria to further filter research papers. The evaluation criteria are keywords
about delay, such as real-time, low-latency, delay-optimal, and so on. Cross-layer research papers
are special and therefore available not only by way of keyword search but also from search re-
sults in other layers. What is more, we exclude some early-warning journal articles and keep only
high-quality papers.

This survey describes the overall architecture of CAVs and sub-architectures at various layers.
In addition, we categorize delay problems in the CAV architecture and review relevant recent
solutions. We also shed light on some ideas and point to future research challenges. In summary,
the contribution of this work is as follows:

(1) A comprehensive overview of CAVs, which details the sub-architectures at each layer of
CAVs. To the best of our knowledge, this survey is the first comprehensive introduction to
the perception layer, communication layer, computation layer, and cross-layer of CAVs;

(2) We investigate current surveys and evaluate their impact on delay reduction strategies for
CAVs. Our survey pioneers a systematic and comprehensive analysis of each layer of CAVs
from the delay perspective, synthesizing a holistic approach to delay optimization. This work
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Table 1. Comparative Analysis of Surveys on loV, VEC, and CAV: Coverage of Delay, Architecture,
Perception, Communication, Computation, and Application

Characteristics
Survey IoV VEC CAV Delay Architecture Perception Communication Computation Application
[36] V v
[193] V v
[120] v v
[35] V v v
[29] V v
[180] v v
[145] v v v v
[123] v v v
[15] v v v v v
[168] v v v v
[121] v v
[222] v v v
[101] v v v
[172] v v v
Ours v v v v v v

addresses a significant gap in the current literature by providing an in-depth analysis of delay
in CAVs.

(3) To systematically categorize and compare proposed methods with the aim of optimizing
delay, we review existing literature and analyze them for insights into how to reduce delay in
CAVs. We model and analyze the delay at each layer, identifying areas of concern and neglect
that currently affect CAV delay. We conclude with an extensive discussion on unresolved
issues and future challenges, providing a clear roadmap for future research.

1.2 Comparison of Existing Surveys

We observe existing definitions and categorical perspectives of CAVs and find that existing re-
views do not comprehensively address this area. Current studies mainly investigate CAVs from a
specific perspective, such as architecture, quality of service (QoS), Vehicular Ad Hoc Network
(VANET), and computing offloading. In summary, these reviews still lack a more comprehensive
and detailed study, especially for delay analysis.

First, the subject of our survey is CAV, which is different from the Internet of Vehicles
(IoV) and VEC. According to the definitions of the three in existing references [68, 70, 145],
we determined the unique position of this survey, as shown in Table 1. Next, we divide the
architecture of CAVs into the perception layer, communication layer, computation layer, and
cross-layer and expand the analysis based on each sub-architecture. Finally, we focus on the delay
problem of CAVs, an analysis perspective that is lacking in other surveys.

IoV refers to the connection of vehicles to the Internet and extends the scale, structure, and
application of VANET. Cui et al. [36] analyze automatic driving in IoV environment from the
perspective of collaborative perception. Combined with the practical application of V2X, the
influence of network communication performance on collaborative perception is analyzed. Brum-
melen et al. [193] focused on summarizing the sensors and partial perception tasks of autonomous
vehicles, such as localization and mapping. References [36, 193] focus more on the analysis of
the perception layer. References [29, 35, 180] focus on the analysis of the communication layer
under the IoV environment. Cheng et al. [29] review routing protocols in the IoV by providing
five different routing protocol classifications. Sichitiu et al. [180] analyze existing networking
protocols in a bottom-up fashion under inter-vehicle communication systems. In addition to
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summarizing the communication protocols used in the IoV environment, Contreras et al. [35]
also focus on the IoV architecture. A new seven-layer model architecture for the IoV is proposed,
which allows all network components to transparently interconnect and transmit data to the
IoV environment. In addition to investigating the perception layer and the communication layer
separately, Liu et al. [120] propose novel system classifications and basic performance indicators
from the perspective of integrated sensing and communication, and they provide a comprehensive
review of the current research progress on their basic limitations.

The IoV focuses on the interaction between vehicles, while the VEC focuses more on the in-
teraction between vehicles and edge nodes. In contrast to IoV, VEC also specifically looks at
computing offloading, resource allocation, and resource provisioning for edge servers. References
[15, 121, 123, 145, 168] summarize the work related to VEC, including the architecture, communi-
cation layer, and computation layer. Considering the computation layer separately, Liu et al. [121]
classify task offloading in VEC environment from the perspective of algorithm. In terms of archi-
tecture, Meneguette et al. [145] discuss three types of VEC architecture and give an example to
illustrate it through hierarchical design. Liu et al. [123] divide the CAV architecture into three
layers: vehicular terminal as the user layer, RSU as the mobile edge computing layer, and cloud
server as cloud layer, and introduce the three layers. Compared with Reference [123], Boukerche
et al. [15] involve the time-delay sensitivity calculation task. Reference [15] classifies scheduling
mechanisms as adaptive, social-based, and time-sensitive. The main focus of deadline-sensitive
scheduling is to minimize delays to meet the deadlines set for the task.

The application of CAVs cannot be separated from the assistance of VEC. CAVs are regarded
as the extension of IoV in VEC environment, which realize intelligent information exchange and
sharing between vehicles and people, roads, backgrounds, and so on. References [101, 172, 222]
start from the application scenarios of CAVs. Zafar et al. [222] consider the carpooling problem in
CAVs environment. Khayatian et al. [101] investigate the intersection management of CAVs. Reyes
et al. [172] focus on the interaction between CAVs and vulnerable road users. However, the above
studies are limited to considering one specific application scenario of CAVs and do not start from
a general architecture.

In a word, the existing surveys still lack a system-level analysis of CAVs. As shown in Table 1,
recent investigations related to CAVs focus on specific applications on a single layer. In previous
studies, we do not find delay analysis for perception, communication, computation, and cross-layer
under CAVs architecture, which adversely affected any discussion of CAVs. Therefore, our survey
differs from the existing surveys in that it takes a more comprehensive approach to analyze the
delay problem in CAVs.

1.3 Survey Organization

The rest of our work is structured as follows: Section 2 describes the concepts and techniques
involved in CAVs. Section 3 introduces the perception layer delay analysis of CAVs. Section 4
introduces the communication layer delay analysis of CAVs. Section 5 introduces the delay analysis
at the computation layer. Section 6 describes the cross-layer delay analysis. Section 7 models and
analyzes the delay of each layer. Section 8 describes the main challenges and future directions.
Finally, Section 9 provides the conclusion of this survey. Figure 2 outlines the organization of the
survey.

2 Architecture

We simulate the behavior of CAV in the real world, as shown in Figure 3. CAV relies on its
perception for obstacle detection or RSU for collaborative perception. When performing compute-
intensive tasks, the CAV performs collaborative computation with other vehicles or edge nodes.
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Fig. 3. Autonomous and collaborative capabilities of CAVs in real-world scenarios: self-reliant and coopera-
tive modes in perception, communication, and computation.

Whether it is collaborative perception or collaborative computation, CAV cannot interact with
other nodes without the support of the communication layer. Therefore, based on the driving
environment of CAV, we divide the overall architecture into a perception layer, a communication
layer, and a computation layer.
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Table 2. Summary of Acronyms

Acronym Definition Acronym Definition Acronym Definition
AVs Autonomous Vehicles RL Reinforcement Learning vav Vehicle-to-Vehicle

mmWave Millimeter Wave DRL Deep Reinforcement Learning LTE Long Term Evolution
VEC Vehicle Edge Computing SDN Software Defined Network VI Vehicle-to-Infrastructure
RSU Road-Side Units E2E End-to-End ToV Internet of Vehicle
QoS Quality of Service Va2X Vehicle-to-Everything V2P Vehicle-to-Pedestrian

VANET Vehicular Ad Hoc Network MAC Medium Access Control MAB Multi-Armed Bandit

MEC Mobile Edge Computing MEC  Multi-access Edge Computing V2N Vehicle-to-Network
CNN  Convolutional Neural Network GPS Global Positioning System MDP  Markov Decision Process

Some research [63, 91] also investigates the control layer of the CAVs, the core task of which is
to perform the accurate operation and cooperative control of the vehicle according to the output
results obtained from the computation layer [196]. Since the VEC environment does not involve the
vehicle dynamic models, longitudinal and lateral control of autonomous vehicles, and the vehicle
control design, the control layer is outside the scope of this survey. In the perception layer, CAVs
decide whether to rely on other devices (other CAVs or edge nodes) to complete the perception
task jointly. In the communication layer, CAVs communicate with other high-speed vehicles or
edge nodes. In the computation layer, CAVs use computing resources within their communication
range for collaborative computing. Given the limitations of space and focus, we chose to focus
on these levels to get a more complete understanding of the real-time performance of the entire
system. Table 2 lists the acronyms that will be frequently used in the survey.

2.1 The Perception Layer

The perception layer of CAVs is the most basic of autonomous driving technology but an essential
part [113, 184, 214]. CAVs obtain the surrounding state data through the perception layer to provide
necessary information for subsequent decision-making [6, 36, 213]. According to different collab-
oration modes of CAVs, we divide the perception layer into single perception and collaborative
perception.

Single perception. Single perception refers to capturing environmental data only through its
sensors, such as LIDAR [12, 166], millimeter wave (mmWave) radar [115, 201, 208], ultrasonic
radar [118], camera [166, 199, 213], and so on. Sensors are responsible for collecting information
needed by CAVs, such as the CAV’s driving state [224, 237] and the surrounding environment
[72, 74], to provide a reliable decision-making basis for safe driving. The acquired perception data
is processed locally to complete perception tasks such as object detection and tracking, semantic
segmentation, vehicle state estimation, position estimation, positioning, and navigation.

Collaborative perception. Single CAV has a blind spot in the sensor field of vision, which
makes it impossible to obtain complete information about environment, which may lead to CAVs
being unable to detect impending danger [189]. Environmental information acquisition from a
single CAV leads to the inability to achieve high-level autonomous driving, so assistance from other
intelligent nodes is needed. Collaborative perception technology [127, 204] enables vehicles to
obtain sensor information from other edge nodes, which expands the perceiving range of CAVs and
increases the integrity of environmental data. The environmental information obtained by edge
nodes and local sensing information is interactively fused to improve sensing accuracy, reduce
delay, and eliminate sensing blind spots.

2.2 The Communication Layer

V2X technology [27, 155, 191] supports the communication of CAVs, which provides the means
of communication between CAVs and other entities in the intelligent transportation system, and
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is the basis of cooperation between CAVs and edge nodes [17, 190]. According to the different
communication modes of CAVs, we divide the communication layer into direct communication,
indirect communication, and hybrid communication.

Direct communication. Compared with cameras or LIDAR, commonly used in autonomous
driving, V2X technology gets information through blind spots and over-occluded objects. In addi-
tion, V2X technology shares real-time driving status information with other vehicles and facilities
[43, 62]. At the same time, V2X is a vehicle sensor communication technology that is not affected by
weather, including rain, fog, strong light, and other bad weather [230]. Therefore, V2X technology
is widely used in transportation, especially autonomous driving.

V2X integrates four key technologies: V2N [33], V2V [8, 42, 115, 144, 146, 146], V2I [32, 50, 86,
226],and V2P [99, 191]. V2N means vehicle-mounted terminals are connected to the cloud platform
through an access network or core network [27, 33]. V2V refers to communication between vehi-
cles through terminals [8, 115, 144]. Vehicle-mounted terminals obtain the speed, location, driving
condition, and other information of surrounding vehicles in real-time. V2I refers to vehicles com-
municating with roadside infrastructure (such as traffic lights [194], traffic cameras [69], and RSUs
[50]). V2P means that vulnerable transportation groups (including pedestrians, cyclists, etc.) use
user devices (such as mobile phones, laptops, etc.) to communicate with CAVs [99, 191].

Indirect communication. Vehicle applications send messages through direct communication
modes of V2N, V2V, V2I, V2P, and indirect communication modes using multi-hop communication
[1, 53]. One form of indirect communication is based on complementary V2X multi-hop commu-
nication. Complementary V2X multi-hop communication is where CAVs communicate with each
other through the network or infrastructure or pedestrians as relay points. V2I2V, V2N2V, and
V2P2V are complementary V2X components [219]. In this communication mode, the relay point
receives messages from nearby vehicles and organizes and broadcasts messages to surrounding
vehicles to support sectional applications.

Another form of indirect communication is routing decision, which uses the least number of
hops to obtain the lowest delay [29, 88, 175]. Due to the high-speed movement of CAVs and the
complex diversity of urban traffic, the network topology is dynamic and changes frequently [4].
The routing decision principle is to select the best path to forward data. This greatly reduces data
transmission delay and provides services for CAVs under the extremely strict delay constraints of
autonomous driving applications.

Hybrid communication. Hybrid communication is the coexistence of multiple communica-
tion modes in CAV environment. VANET is complex and frequently changing when CAVs are
driving on the road at high speed [122, 188]. At this time, communication mode includes both di-
rect communication and indirect communication. Facing a communication environment with high
dynamic topology and strict delay requirements, how to select the best communication mode is
the key problem to be solved by CAVs.

2.3 The Computation Layer

After acquiring environmental information, CAVs perform real-time tasks such as positioning,
object recognition, and tracking to make correct driving decisions. Computationally intensive
tasks require a large number of computing resources, and the computing system of CAVs is
challenging to complete under the constraint of delay, which requires the assistance of other
computing nodes [93, 104, 223]. According to the different objects of computing nodes, we divide
the computation layer into vehicle-vehicle cooperative computing, vehicle-edge cooperative
computing, and hybrid computing.

Vehicle-vehicle collaborative computing. This collaborative computing paradigm consists
of multiple CAVs communicating with each other and sharing computing resources. CAVs use
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idle computing resources of different vehicles for collaborative computing through a cooperative
strategy between vehicles. For CAVs, other vehicles act as edge servers to collect, process, and
store data efficiently [138]. When requiring computation, CAVs offload computationally intensive
and delay-sensitive tasks to nearby vehicles to complete the task [223].

Vehicle-edge collaborative computing. Based on vehicle-vehicle collaborative computing,
other edge nodes besides CAVs are introduced, such as RSU equipped with edge servers, which
significantly expands the computational resources of CAVs [132, 235]. Therefore, vehicle-edge col-
laborative computing has more communication, computing, and storage resources. Vehicle-edge
collaborative computing focuses on a cooperation strategy between vehicles and edge servers, in
which vehicles mainly use the computing resources of edge servers for collaborative computing.

Hybrid computing. Collaborative computing technology aims to solve the problem of insuf-
ficient computing resources in CAVs by offloading tasks to other edge nodes. The most basic and
essential requirement of collaborative computing is to complete the task under delay constraint
and return the result to the offloading initiator node to ensure CAVs’ safety [75, 225]. Hybrid com-
puting mode includes vehicle-vehicle and vehicle-edge collaborative computing, and even some
cloud servers participate in the computing process. However, the use of cloud resources requires
long-distance data transmission [79, 149]. Therefore, in the hybrid computing mode, the cloud
mainly plays the role of macro-control and optimization of the task offloading process at the edge
and also performs delay tolerance tasks.

3 The Perception Layer Delay Analysis in CAVs

The perception layer is a key component of the CAV system, which obtains environmental infor-
mation and provides key input data for the whole system. This data may be sensing data about
surrounding vehicles, pedestrians, road signs, traffic lights, and so on, or it may be state data about
the vehicle itself, such as speed, acceleration, attitude, and so on. The task of the perception layer is
to collect and predict the vehicle and surrounding environment information, vehicle driving data,
and state data through various sensors and terminals.

Research involving the perception layer of CAV focuses on perception algorithms and systems
[58, 125, 227]. Researchers improve the performance of perception layer in terms of energy
consumption [125], accuracy [102], speed [238], or a balance of speed and accuracy [22, 59] by
deploying autonomous driving datasets [16, 57, 126]. We focus on the latter two and exclude
algorithms and systems that use other non-autonomous driving datasets, such as sports scenario
datasets [112]. According to the different perception forms of CAVs, the perception layer can
be divided into single perception and collaborative perception. Single perception refers to the
perception ability of a single CAV to acquire and process information about the surrounding en-
vironment. Collaborative perception emphasizes information sharing and collaboration between
CAVs and other edge nodes to enhance perception ability. As is shown in Tables 3 and 4 (see
Appendix A), we summarize the existing papers on the delay analysis of the perception layer of
CAVs and conduct fine-grained classification.

3.1 Single Perception

Due to the dynamic and intricate nature of the road environment, CAVs require real-time
acquisition of information about various objects in their surroundings. According to the charac-
teristics of different object states in the CAV perception environment, single perception is divided
into dynamic object-based perception, static object-based perception, panoramic object-based
perception, and CAV’s state-based perception.

3.1.1  Dynamic Object-based. The method focuses on the dynamic changes of objects in the
surrounding environment. It includes real-time detection and tracking of vehicles, pedestrians,
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and other moving objects’ location, speed, acceleration, and other parameters. Dynamic object-
based perception helps CAVs predict the behavior of other objects, leading to more accurate
decisions and planning.

The richer image information and the cheaper price make the camera the most common vision
sensor on the CAV. Wu et al. [199] introduce SqueezeDet, a fully convolutional neural network for
object detection, to ensure the real-time inference speed of detection tasks. Yang et al. [213] focus
on a simple and effective framework for streaming perception. The framework includes dynamic
and static flows to capture the moving trend and a basic detection feature for streaming prediction.
In addition to improving detection speed, Chen et al. [22] propose a new framework to achieve
accuracy-speed tradeoff by using knowledge distillation and hint learning.

The weather environment easily affects cameras, so some papers use LIDAR or mmWave radar
to obtain point cloud data to overcome the image of bad weather. Yang et al. [209] utilize the scene
from the BEV (Bird’s-Eye View) and propose a proposal-free, single-stage detector. Simony et al.
[182] also use a single-stage YOLOv2 network to infer highly sparse 3D data in real-time. For the
shape-aware 2D/3D constraints, Simon et al. [181] present a novel fusion of neural network-based
3D detector and visual semantic segmentation in the context of autonomous driving. Different
from Reference [181], Liang et al. [117] present an efficient 3D object detection framework based
on 2D convolution, making it possible to have a fast inference speed.

The complex traffic environment promotes the complementary advantages of camera, radar, and
LiDAR. Some papers combine the characteristics of these sensors with studying. Rashed et al. [166]
propose a robust real-time CNN architecture for moving object detection in low-light conditions.
Authors capture motion information and fuse color signals from camera and LiDAR sensors. Liang
et al. [116] propose an E2E learnable architecture to reason about 2D and 3D object detection as
well as ground estimation and depth completion. Importantly, this approach achieves real-time
performance on 2D, 3D, and BEV object detection.

3.1.2  Static Object-based. Many traffic accidents have proved that static object-based detection
still needs to be mature enough [221]. Static objects in the CAV environment are divided into two
types: the three-dimensional objects in the road, such as road edges, walls, poles, and so on, and
the information on road pavement signs, such as lane lines, parking lines, arrows, zebra crossings,
and so on.

A few papers focus on reducing the detection delay for road pavement sign information. Garnett
et al. [61] propose a novel system to detect candidate regions as maximally stable extremal regions
for the recognition of traffic signs. For small-size traffic-signs recognition, Chen et al. [23] use high-
level features to construct a better detector head and a data augmentation method to enhance
the robustness of the model. At the same time, receptive field blockcross is utilized for capturing
contextual information.

General obstacle detection refers to objects on the road, including static objects and dynamic
objects. Establishing a real-time detection model for general obstacles on traffic roads is helpful in
improving the driving safety of CAVs. Garnett et al. [55] design a single-shot multi-box detector for
categorized object detection and pose estimation, with a version of the StixelNet [107] for general
obstacles. For reducing E2E real-time obstacle detection delay, Song et al. [183] propose two effi-
cient single-task network architectures and a simple refinement module. This architecture learns
and refines semantic segmentation and disparity maps from a stereo RGB pair in a single module.
To further improve the detection efficiency, in the real-time detection stage, Prabhakar et al. [161]
filter road object detection so the whole system only detects classes corresponding to road objects.

3.1.3  Panoramic Object-based. The CAV system based on a panoramic object is important in
object detection, because the system is closer to the reality of autonomous driving [12, 141]. The
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panoramic driving perception system has three different tasks: semantic segmentation, instance
segmentation, and panoramic segmentation.

The task of semantic segmentation is to assign a category label to each location in the scene
(each pixel in the image or each point in the point cloud). Wu et al. [200] formulate the prob-
lem of detecting and categorizing instances of interest as a point-wise classification problem. Yu
et al. [220] propose bilateral segmentation network-based spatial path and context path to improve
speed and accuracy simultaneously. However, adding an extra path to encode spatial information
is time-consuming in [220]. To handle these problems, Fan et al. [48] propose a short-term dense
concatenate network by removing structure redundancy.

The task of instance segmentation is similar to object detection. But instead of an object box,
instance segmentation outputs a category label and an instance label for each point. Perreault
et al. [160] use bounding polygons to design instance segmentation framework for detecting road
users in dense urban environments. The authors select ground truth vertices by developing a
policy and show the importance of a depth map to improve the accuracy of polygons because of
the overlap problem.

Panoramic segmentation is a combination of semantic segmentation and instance segmentation.
The algorithm needs to distinguish between points on objects (foreground points) and non-objects
(background points). Hou et al. [74] propose a new single-shot panoptic segmentation network that
leverages dense detection and a global self-attention mechanism to operate in real time. To simplify
the pipeline and decrease computation/memory cost caused by a two-stage detection network,
Hong et al. [72] propose a one-stage approach, which does not involve a proposal, anchor, or mask
head. Li et al. [109] propose a fast and high-performance framework. At the same time, the authors
fuses the fine-grained voxel features and 2D BEV features with different receptive fields based on
a solid backbone design.

3.1.4 CAV’s State-based. Vehicle-guided automation requires accurate and reliable knowl-
edge of the current vehicle position and motion. Based on the perception of its state, the
self-operation status of CAVs is described, such as vehicle attitude, self-motion estimation, and
positioning.

The ability of CAVs to locate themselves is a crucial capability. The motion estimation itself
needs to be performed faster than in real time so the remaining time is spent running other algo-
rithms. Both traditional monocular and stereo approaches compute the motion parameters based
on some feature correspondences between successive frames. A method of 3D ego-motion estima-
tion is designed in Reference [85], and the algorithm’s parallel feature detection and parallel sparse
optical flow are implemented based on GPU. Zindler et al. propose a real-time ego-motion estima-
tion method using LiDAR and an advanced vehicle model based Extended Kalman Filter. Zhang
etal. [224] adopt a 3D laser, a camera, and an IMU to estimate ego-motion online. Different from the
traditional Kalman Filter adopted in Reference [237], the method employs a sequential, multi-layer
processing pipeline, solving for motion from coarse to fine to achieve low-latency ego-motion
estimation.

High-precision positioning and navigation technology are still challenging to interact with com-
plex urban environments in real-time. The vehicle navigation system is modeled as a directed
graph in Reference [21]. The optimal navigation path from the source point to the destination
point is defined as a sequential list of directed links with minimum cost. Different from Reference
[21], the real-time navigation system is constructed by formulating the task as a series of deci-
sions in Reference [103]. The motion planning problem of automatic guided vehicles is formulated
as a nonlinear optimal control problem in Reference [171]. In addition, a smooth transformation
technique is used to obtain the optimal solution.
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3.2 Collaborative Perception

The task of collaborative perception is to fuse and process environmental information obtained
in various ways so CAVs understand the surrounding environment. The collaborative perception
is divided into vehicle-vehicle collaborative perception and vehicle-edge collaborative perception,
depending on the object of collaboration. Vehicle-vehicle collaborative perception refers to the
cooperative processing of perception data between vehicles through direct communication and
information sharing. Vehicle-edge collaborative perception refers to the communication and coop-
eration between the vehicle and the edge server, and the perception data is uploaded to the edge
server for processing and fusion.

3.2.1 Vehicle-vehicle Collaborative Perception. Due to the existence of obstacles and the limita-
tion of sensing range, the sensing ability of a single vehicle cannot meet the requirements. CAVs
perceive the surrounding environment more efficiently and robustly by integrating the perceptual
content of nearby vehicles through vehicle-vehicle collaborative perception technology. In this
mode, vehicles can directly communicate and exchange information and share perception data
and results to enhance the perception ability and safety of each vehicle. With the consideration of
dynamic perception workloads and channel conditions, Qu et al. [165] propose an adaptive coop-
erative perception scheme to switch between cooperative perception and stand-alone perception
for each CAV pair, achieving high computing efficiency gain.

Allowing vehicles to share raw data in dense urban environments leads to redundant infor-
mation exchange. For the problem of regional overlap in the process of LiDAR data sharing for
multiple vehicles, RECAP [179] adjusts it to a setting with minimal point cloud overlap based on
the previous point cloud registration work. In addition, RECAP continuously and opportunistically
produces 3D traffic reconstructions from multiple vehicles to minimize error and computation time
in multi-way registration. Feature-based data sharing not only meets the training process but also
makes use of the small size of features to achieve real-time computation without network conges-
tion. Xiao et al. [203] integrate the information of multiple vehicles into the coordinate system of
its vehicle by combining a unified aerial view, including multimedia information based on vision,
GPS, and digital map. Chen et al. [26] use feature-level fusion to realize E2E 3D object detection
for the first time and support voxel feature fusion and spatial feature fusion. More importantly, the
framework dynamically adjusts the feature map size to be transmitted to realize real-time collab-
orative sensing.

In addition to feature-level sensing data sharing, object-level data sharing is also an important
method of collaborative perception. Generally speaking, object-level data sharing has a lower delay
than feature-level data sharing. Tsukada et al. [191] propose an open-source experimental and
prototype platform called AutoC2X by sharing information about detected objects. In the worst
case, AutoC2X delivers co-aware information within 100 ms. Liu et al. [128] propose a real-time
dynamic map system to share detected objects and implement an adaptive vehicle scheduling and
offloading algorithm to reduce the offloading delay of vehicles.

3.2.2  Vehicle-edge Collaborative Perception. Edge servers have more powerful computing
power and storage resources, which can carry out more complex perceptual algorithms and de-
cision processing. Compared with vehicle-vehicle cooperative perception, this model has a larger
perception range and more information content. In this mode, the vehicle sends the sensing data
to edge server for analysis and receives the results returned by edge server.

Since edge servers have more computing resources than CAVs, vehicles share original sensing
data, thus improving object detection accuracy. Zhang et al. [228] propose an edge-assisted sensing
system to merge original views from the multiple CAVs to form a complete BEV with a higher
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resolution. Yang et al. [216] develop an edge-assisted collaborative perception prototype system.
The platform aggregates sensing data from multiple vehicles and edge servers to perform object
detection and instance segmentation.

Bandwidth resources often limit the transmission latency of original data. Therefore, the vehicle-
edge cooperative perception is further realized by sharing a feature map. Liu et al. [124] design
the first collaborative localization and sharing system. In this system, the edge server first merges
key frames from the multiple CAVs, generates 3D feature maps, and then sends the feature maps
to CAVs. CAVs complete the perception task according to the sharing feature map, which reduces
the delay of the feature map generated by CAVs and expands the sensing range of CAVs. For
accelerating feature transmission and matching, Sun et al. [185] design a lightweight vehicle re-
identification network to adaptively extract the bit features of the perceived vehicle target.

The timeliness of the collected data is essential to achieve precise collaborative perception, and
the delay affects the integrity and consistency of sensing data, often quantified in terms of the Age
of Information (Aol). To quantify the freshness of transmitted packets, Kaul et al. [97] propose
Aol as a performance indicator to measure the latency, since the last packet received at the desti-
nation was generated at the source. The concept of Aol is extended in Reference [232] to evaluate
the timeliness of status updates by combining time-varying context information. Qin et al. [164]
study the Aol optimization problem, taking into account the data sampling of source vehicles and
the data forwarding process of multiple information flows across the network. The timeliness of
collaborative perception is optimized by carefully designing Aol-sensitive data collection schemes.

3.3 Conclusion

This section summarizes the delay analysis of CAV’s perception layer. We divide the perception
layer into single perception and collaborative perception according to the different ways of collab-
oration. Single perception is needed when CAVs are strong enough or when the density of CAVs
on the road is not sufficient to support collaborative perception. If the perception ability of CAVs is
weak and the density of CAVs on the road allows, then cooperative perception is needed to expand
its perception range. If the communication delay between the vehicle and the cooperating vehicle
is low and the bandwidth is large, then vehicle-vehicle collaborative perception can be preferred
to achieve real-time information sharing and collaborative decision-making. If the communication
latency between the vehicle and the edge server is low and the edge server has more computing
power, then vehicle-edge collaborative perception can be preferred for more complex perception
and decision processing. No matter what kind of collaborative perception method, it aims to im-
prove the vehicle’s perception ability and decision-making effect through information sharing and
collaboration.

4 The Communication Layer Delay Analysis in CAVs

In CAVs network [155], vehicles connect with many infrastructures, users’ equipment, smart de-
vices, and so on. Various services, content, and applications provide information and entertainment
content for vehicles and drivers through the communication layer of CAVs. Some papers focus on
optimizing network utility, including cost [98], energy efficiency [133], connection stability [92],
delay [115, 201], and so on. In this survey, the communication layer delay analysis of CAVs focuses
on reducing various delays, so it is not in the scope of this survey to study how to ensure real-time
performance by taking the delay as the constraint condition. More importantly, although some pa-
pers reduce the delay in the communication layer, they are not related to vehicle paradigm, which
is not within the scope of this article.

Depending on the communication method, we classify autonomous vehicles into direct com-
munication, indirect communication, and hybrid communication. Direct communication refers to
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how a CAV establishes contact by communicating directly with other entities. Indirect communi-
cation means that the CAV communicates with other entities employing multi-hop communica-
tion. Hybrid communication is a strategy in which the autonomous vehicle chooses the best mode
among various communication modes to achieve low-delay communication. We summarize the
delay analysis of the communication layer of CAVs as shown in Tables 5-7 (see Appendix A) and
conduct fine-grained classification.

4.1 Direct Communication

This mode means that CAVs establish communication connections through a single communica-
tion mode, such as V2V, V2I, V2P, or V2N. The direct communication mode usually has a lower
delay than other communication modes. We focus on the first two, because they are more prevalent
at the CAV communication layer.

4.1.1 V2V Communication. CAVs use V2V communication to send their driving information,
such as speed, position, and heading information, to other CAVs in the communication range.
The surrounding vehicles use the received data to build a real-time dynamic map to avoid traffic
accidents and effectively alleviate congestion.

The first step in optimizing the delay of CAVs communication is to start with the data itself.
Similarly, optimizing the transmitted data packets further reduces latency. Wu et al. [201] use
ultra-high-speed directional mmWave communications as V2V links, increasing the amount of
data transmitted each time as much as possible to improve the content transmission rate. To further
reduce the transmission delay, an iterative algorithm is proposed in Reference [211] to obtain the
optimal frame design. Based on the lower bound of signal-to-interference-plus-noise ratio quality,
Yang et al. [211] study the optimal frame design to reduce overhead for the short frame.

CAVs use wireless communication to exchange sensor data, however, traditional technologies
still cannot support the gigabit-per-second data rate that is required for raw sensor data exchange
among autonomous vehicles for emerging applications [18]. Choi et al. [31] prove that mmWave
communication is the only feasible method for high-bandwidth connected vehicles. Aiming at the
high overhead of mmWave beam training, Graff et al. [60] use passive radar arrays to sense auto-
motive radar transmissions from multiple vehicles on the road. Kamari et al. [94] create a system of
3D reflection profiles from street view images. The system reduces beamforming overhead through
material identification, environment-driven ray tracing, and beam search methods.

Millimeter-wave links, 6G mid-high frequency bands, and even terahertz transmissions are se-
verely affected by physical obstacles, which are prone to congestion and reduce system reliability
and delay performance. For blockage events in V2V communication, Tunc et al. [192] design a
continuous-time Markov chain model to characterize reliability and delay performance. Aiming
at the difficulties of beam alignment and routing stability, Rasheed et al. [167] propose a 3D-based
position detection scheme for beam alignment to achieve trusted data transmission. Benelmir
et al. [11] propose a new beam alignment method to select the optimal starting beam angle of
the mmWave base station and further to transmit data directly to the moving vehicle.

The high mobility of the vehicle environment and the dynamic nature of network topology
further lead to the continuous switching of communication links during vehicle driving. Bai et al.
[8] propose a framework to monitor periodic beacons sent by other distributed and cooperating
vehicles to meet deadlines. Bai et al. [8] assume that terminal devices operate under the same
operator, but this assumption is unrealistic. Martin et al. [144] propose a fast cross-operator handoff
mechanism to support V2V communication and reduce operator communication delays.

Most of the above methods assume that network resources are sufficient and there is no re-
source competition between CAVs. In reality, however, RSUs cannot process services in real-time
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due to resource constraints. Ashraf et al. [7] transform the network transmission minimization
problem into the average queue length problem by using Markov inequality in resource allocation.
Huang et al. [80] translate the optimal resource allocation scheme into an optimal vehicle selection
problem to determine the V2V link and minimize the total delay.

4.1.2 V2l Communication. Due to the scalability issues of VANET, V2I communication will still
be required for the safe and reliable operation of autonomous vehicles in the future. V2I commu-
nication takes place between the vehicle and edge servers such as base stations and RSUs. The
ETC (electronic toll collection) system is the most common systems-based V2I communication
[99]. ETC systems utilize V2I communications to perform electronic payment transactions when
a vehicle passes through a toll booth without requiring the vehicle to slow down.

When a CAV shuttles between multiple RSUs, seamless switching is required to achieve a con-
tinuous link and provide uninterrupted service. Jarupan et al. [86] use a delay estimation model
to determine the best available path, but applications generally cannot tolerate long access delays,
such as traffic conditions and collision warnings. According to this problem, Chung et al. [32]
propose an access scheme based on contention-free access and pre-ordered transmission opportu-
nities to improve V2I communication and handover. Also, for applications with high reliability and
low latency, Bohm et al. [13] define real-time data as data traffic that depends on the deadline and
propose a deterministic MAC method for real-time communication based on V2I. COPILOT [162]
addresses the problem that performance in the millimeter-wave band can be severely degraded
without line of sight by actively switching to identify the most appropriate road-side units. COPI-
LOT yields improvement in latency and throughput compared to traditional reactive handoff for
mmWave networks.

Resource allocation in V2I is slightly different from that in V2V. In V2V scenarios, resources are
allocated to RSUs to reduce the latency of V2V communication links. In V2I scenarios, resource
allocation focuses on the reliability and delay of V2I networks. Zhang et al. [226] consider potential
resource requests in V2I scenarios and focus on wireless resource allocation between vehicle users
and RSUs. Reference [226] considers the queueing delay of the MAC layer but does not consider
the transmission delay of the physical layer. Fang et al. [50] propose a two-stage radio resource
allocation problem for physical layer delay guarantee to optimize the worst-case transmission
delay.

4.2 Indirect Communication

4.2.1 Complementary V2X-based Multi-hop Communication. Compared to previous cellular
technologies, more powerful 5G capabilities have raised expectations about the possibility of sup-
porting V2X services through vehicle-to-network-to-vehicle (V2N2V) communications. In re-
cent years, the use of V2N2V connections rather than direct V2V communications or side chains
to support critical services has been experimentally demonstrated in terms of delay performance
[146, 174].

The model proposed in Reference [34] is the first E2E 5G delay model. This model quantifies the
E2E delay experienced by V2N and V2N2V communications in different 5G network deployments.
Authors identified which 5G network deployments and configurations better meet the latency and
reliability requirements of V2X services to enable connectivity and autonomous driving. Coll et al.
[33] analyze the use of 5G networks and multi-access edge computing (MEC) to support V2X
services through V2N2V in the deployment of multi-mobile network operators. Analysis shows
that the federation of MECs reduces the E2E latency for network deployments and is independent
of network load. To address the performance degradation caused by frequent switching in highly
mobile V2X networks, Li et al. [114] propose novel frame structures that incorporate Integrated
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Sensing And Communications (ISAC) signals for three crucial stages in the NR-V2X system:
initial access, connected mode, and beam failure and recovery. The structures enable faster beam
establishment during initial access and accelerate beam fault detection and recovery.

In existing literature and 3GPP standards, reliability and latency are commonly used to evaluate
the performance of in-vehicle communications. However, the requirements of these two metrics
do not strike a good balance, and reliability performance can be improved at the cost of increased
latency and vice versa. Aol [157] is defined as a measure of state freshness from any other vehicle,
a performance that combines reliability and latency. Peng et al. [157] propose a resource alloca-
tion scheme based on Aol optimization. The scheme significantly reduces packet collisions and
improves the stability of vehicle collaboration. Chen et al. [25] establish an empirical model for
Aol in connected vehicles by measuring commercial LTE networks for three months and study the
impact of major factors on Aol performance.

Previous research has shown that there can be conflicts between reliability and latency
performance of in-vehicle networks. Therefore, it is necessary to study the reliability and delay
joint model of vehicle networks. Ge et al. [56] propose a joint reliability and latency function by
using Monte Carlo simulations to evaluate the combined effects of reliability and latency in 5G
autonomous vehicle networks. Ashraf et al. [7] prove that when the finite-size queue buffer is over-
loaded, data arrival results in packet drops that incur unreliable communication. Yang et al. [212]
discuss the solution for building URLLC (ultra-reliable and low-latency communications)
VNET at the physical and media access control layers, including an optimization framework for
latency and reliability. Guo et al. [67] obtain steady-state reliability and delay expressions for
each possible spectral reuse pair of V2N links and V2V links based on queueing analysis.

4.2.2 Routing-based Multi-hop Communication. In the complex urban environment, the com-
munication link of CAVs often leads to route failure due to their high mobility, the distribution
of vehicle nodes, the complexity of traffic roads, and the existence of obstacles between vehicles.
Compared with traditional wireless sensor networks, network topology in the VANET is dynamic
and frequently changes. Therefore, the traditional routing scheme is unsuitable for CAVs [95, 105].

The location-aware routing protocol is considered a very promising routing strategy for inter-
vehicular communication systems. Location-aware routing protocol covers vehicle location and
traffic road location information. Seet et al. [175] propose anchor-based street- and traffic-aware
routing. However, location information used in the routing protocol is not real-time. Jerbi et al.
[88] propose an improved greedy traffic-aware routing protocol considering real-time road
traffic changes and urban environment characteristics. In addition to considering the location
information of traffic roads, Jarupan et al. [87] focus on the location information of vehicles
based on GPS to estimate latency and select the best available path. References [30, 96] also
consider the location information of traffic roads and vehicles. In Reference [96], vehicle location
prediction and electronic map information are used to improve the efficiency of routing protocol
in the vehicle network. Cheng et al. [30] propose a hybrid geographic routing solution. By using
delay-tolerant forwarding in sparse networks, the packet delivery rate and the routing delay are
greatly improved compared to the benchmark algorithm.

4.3 Hybrid Communication

In the real world, the communication network of CAVs is enormous and complex. Vehicles are
often faced with a choice of communication mode during driving, that is, they choose to connect
to other vehicles, RSUs, or both.

4.3.1 V2V or V2I. Some researchers divide complex and variable network links according to
scenarios or stages. In a given scenario or phase, a single communication mode is considered.
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The multi-link selection problem is transformed into a multi-scenario or multi-stage single-link
selection problem.

The scheduling research of cooperative data dissemination under a hybrid V2I and V2V com-
munication environment is proposed for the first time [122]. This study divides a scheduling cycle
into three stages: V2V, V2I, V2I, or V2V. CAVs select a stage based on the scheduling time. Liu et al.
[122] consider the hybrid communication mode of V2V and V2I but ignore V2N communication.
Zhou et al. [233] study a method that enables each vehicle to determine a transmission mode
from V2N, V2I, and V2V. The problem with transmission mode selection is maximizing the
total capacity of transmission modes to reduce transmission delay. Yaqoob et al. [218] design a
distributed method to continuously update vehicle status through direct or intermediate node
communication to minimize congestion and message delivery delay. Huang et al. [80] avoid
message delivery delay caused by data congestion by caching service content at the network edge.

4.3.2 V2V and V2I. Vehicles communicate with others not only through one or more wireless
hops but also through V2I links. These V2I links help improve communication stability and also
reduce driver reaction time. Therefore, through the interconnection of V2V and V2I networks, the
efficiency and security of vehicle networks are significantly improved. To explore the potential
of infrastructure-assisted autonomous driving, Soar [177] is designed to support autonomous
driving systems by combining a new communication architecture and a hierarchical task
management framework. The communication architecture comprises a bi-directional multi-hop
I2I network and a downlink 12V broadcast service, realizing high-bandwidth and reliable data
transmission.

Resource allocation in a hybrid V2V and V2I communication environment aims to maximize the
sum ergodic capacity of V2I links and ensure the reliability and delay of V2V links. Guo et al. [65,
66] focus on the spectrum and power allocation by considering each possible spectrum. Yang et al.
[210] research jointly communication mode selection and resource block allocation to ensure low-
latency communication requirements of V2V links. Gu et al. [62] propose an intelligent algorithm
at the reconfigurable intelligent surface to solve the sum ergodic capacity optimization problem
of vehicles in V2I communication.

By studying resource scheduling and allocation problems in hybrid communication mode, the
access times of CAVs and the additional delay in the large-scale exchange of control information are
reduced. Di et al. [43] use non-orthogonal multiple access to reduce access latency and improve
packet reception probability. Unlike simply optimizing latency performance, Huang et al. [81]
adopt a vehicle-centered method to avoid the large-scale exchange of control information and
signaling and reduce its impact on latency.

Due to complex dynamic influencing factors such as RSU coverage, traffic density, and vehicle
travel distance during uplink, it remains a challenge for vehicles to select destination uplink nodes
among RSUs deployed in the VANET. Therefore, in V2V and V2I hybrid communication modes,
selecting the optimal communication link to achieve seamless handoff has been widely studied.
Through time delay evaluation in different scenarios, Dey et al. [42] prove the potential of V2V
and V2I composed of Wi-Fi, DSRC, and LTE. By predicting the mobility of CAVs in Reference
[188], RSU independently makes different routing decisions based on transmission probability and
average delay of each vehicle to minimize the overall vehicle service delay. To reduce the delay of
dynamic routing path selection, Di et al. [44] use the coordination capability of SDN to determine
the optimal V2V multi-hop path and offload the traffic volume of V212V to V2V communication.
Similarly, to solve the high delay and packet loss rate caused by the dynamic topology of vehicles,
Guo et al. [64] establish the benchmark for selecting RSUs in V2V and V2R hybrid communication
environment to minimize the delay.
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4.4 Conclusion

The communication distance of direct communication is relatively short, and this near-field com-
munication characteristic makes the communication delay low, which can realize real-time infor-
mation exchange and response. Based on indirect communication, the CAV first accesses the net-
work and then connects to other entities. For example, the indirect communication mode requires
V2N2V communication rather than direct V2V communication. The indirect communication mode
usually needs to consider the selection of the appropriate routing path in the multi-hop network
to further reduce the communication delay. V2V communications are able to wirelessly exchange
information about the speed and position of surrounding vehicles, but such interconnection is
achieved when vehicles communicate with each other. If only 2 out of 10 vehicles are equipped
with V2V technology and the others are not, then it will not be possible to build a communication
network, which is of no practical significance [56]. In the real world, CAVs is often in the area
where multiple communication modes coexist. In this case, CAVs select the optimal communica-
tion mode for low-latency communication.

5 The Computation Layer Delay Analysis in CAVs

The computation layer is responsible for receiving, processing, and analyzing large amounts of
data collected from various sensors. By using algorithms and models, the computation layer can
extract useful information and features and perform tasks such as scene understanding, object
recognition, and trajectory prediction. Based on these calculations, the computation layer can
make precise decisions, including vehicle control, path planning, obstacle avoidance, and so on,
to ensure safe and efficient driving.

In this section, we focus on analyzing the computation delay of CAVs. We divide the computation
layer into vehicle-vehicle cooperative computing, vehicle-edge collaborative computing, and hy-
brid computing according to different cooperative computing modes. Hybrid computing includes
the first two. To be different from collaborative perception, the edge nodes of this layer do not par-
ticipate in the perception process. The delay analysis of edge nodes participating in the perception
process is introduced in Section 3. We summarize the delay analysis of the computation layer as
is shown in Tables 8-10 (see Appendix A) and perform fine-grained classification.

5.1 Vehicle-vehicle Collaborative Computing

CAVs-based road network is an extensive transmission system that leverages the mobility of ex-
isting vehicles equipped with wireless and storage capabilities and a series of offloading points
for vehicle-vehicle collaborative computing. Vehicle-vehicle collaborative computing includes two
scenarios: static scenario and dynamic scenario.

5.1.1 Static Scenario. The offloading site of the static scenario is a data storage device located
in the usual parking place, such as a parking space located on the street, a large dedicated parking
lot, a gas station, and so on. These vehicles stay parked there for long periods to maintain adequate
computing power for CAVs.

The main challenges faced by the offloading system are selecting an offloading path that meets
data transmission performance requirements and configuring the sequence of offloading points
involved in the transmission process. In Reference [9], the SDN paradigm is used to adapt to the
computing offloading requirements of each CAV, thereby reducing E2E delay during computing
offloading. When a large number of computationally intensive tasks arrive, References [153]
and [140] use idle computing resources in the parking lot to realize the computing offloading
task. Specifically, Nguyen et al. [153] integrate a container orchestration into the computing
offloading framework to run a sufficient number of task replicas. Ma et al. [140] design a task
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scheduling algorithm to reasonably allocate parked vehicles and perform computing offloading
tasks.

The above studies consider one-hop communication between vehicles. Chen et al. [19] select
adjacent vehicles within the range of k-hop wireless communication as candidate vehicles for
offloading nodes. The corresponding selection relationship between the task set and the candidate
vehicle set is modeled as a many-to-one generalized allocation model to minimize the delay of
CAVs in completing tasks.

5.1.2  Dynamic Scenario. The dynamic, random, and time-varying characteristics of vehicle net-
works make the task offloading of CAVs more complicated. In dynamic scenarios, the offloading
site is a high-speed service vehicle aiming to provide efficient computing services in a highly dy-
namic offloading environment.

Due to the high-speed dynamic nature of service vehicles, it is more challenging to compute
offloading difficulty compared with the static scenario. Feng et al. [51] use a decentralized sched-
uling scheme based on the information of nearby vehicles (including GPS information) to improve
the computing ability of vehicles. In addition to using the information of adjacent vehicles, Sun
et al. [186] realize the task offloading scheme of adaptive learning based on multi-armed bandit
theory. Cui et al. [37] also implement self-updating of offloading strategy based on deep reinforce-
ment learning to reduce the execution delay of tasks. References [37, 51, 186] assume that tasks
are mutually independent, such as speech recognition, GPS positioning services, and so on. Hu
et al. [77] propose a greedy task scheduling algorithm to minimize total job delay by taking into
account dependence between computing tasks.

The above work optimizes the inference delay, and some researchers consider the problem of
large training delay in vehicle-vehicle collaborative computing. References [108, 129] conduct data
sharing and collaborative analysis through federated learning methods to reduce training delay. Li
et al. [108] consider whether vehicles participate in training within each time slice to determine
a joint optimization scheme. Liu et al. [129] apply gradient compression and mini-batch federated
stochastic gradient descent to reduce local gradient transmission and computation and improve
learning efficiency.

5.2 Vehicle-edge Collaborative Computing

In the vehicle-edge collaborative computing scenario, speeding vehicles offload computationally
intensive tasks to edge servers with a fixed location. In CAV environment, a fixed edge server
is an edge device equipped with computing, storage, and communication resources on the side
of the road, such as a base station, RSU, and intelligent street lamp. Vehicle-edge collaborative
computing is divided into single-edge collaborative computing and multiple-edge collaborative
computing according to the number of edge nodes.

5.2.1 Single-edge Collaborative Computing. Only one edge server is used in the collaborative
computing process, that is, a vehicle and an edge server are used to complete collaborative comput-
ing tasks. Within the communication range of the edge server, vehicles offload computing tasks to
the edge server to realize vehicle-edge collaborative computing.

Although CAVs offload computing tasks to an edge server, edge nodes still have the difficulty
of being resource-constrained. According to the limitation of network resources and the dynamic
resource availability change, an efficient resource allocation scheme is designed to meet the
E2E service delay of delay-sensitive vehicle applications in Reference [104]. Given the frequent
switching of multi-edge servers caused by vehicle movement, Zhan et al. [223] assume that the
coverage of different RSUs does not overlap. The edge server performs offloading tasks from
vehicles within its communication range. The above studies minimize computation delay from the
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perspective of computing offloading or resource allocation. Luo et al. [138] consider joint
computing offloading decisions and allocating resources to minimize delay and cost under the
constraints of resources.

5.2.2  Multiple-edge Collaborative Computing. In the real world, telecom operators typically de-
ploy multiple edge servers in urban core locations. The coverage of different edge servers often
overlaps, and CAVs appear in the cross zone. When offloading tasks, CAVs offload to multiple edge
servers to achieve lower offloading delay.

When CAVs are within communication coverage of multiple edge servers, CAVs figure out which
edge server to offload computing tasks to. Kadhim et al. [93] use SDN to assign computing tasks
to optimal edge servers. Based on local and global load balancing technology, Kadhim et al. [93]
optimize the resource utilization of edge nodes to meet the deadline of tasks. Once the edge server
receives the computation task of vehicle offloading, it may partially or entirely allocate the com-
putation workload to another edge server. Li et al. [111] propose a task division and scheduling
scheme that distributes computation workload among edge servers and coordinates the execution
sequence of tasks assigned to servers. Frequent switching from optimal mapping between multiple
vehicles and multiple RSUs is a challenge to meet the delay of computing tasks. Martins et al. [45]
model the optimal mapping problem as the uncapacitated facility location problem and propose a
biased-randomized algorithm to provide a real-time solution to the problem.

5.3 Hybrid Computing

With the popularization of CAVs and the wisdom of infrastructure, autonomous driving is often
within the communication range of multiple offloading nodes. It is a complex problem to select
the appropriate offloading node to minimize computation delay.

5.3.1 Offloading Task to Vehicle or Edge. Since the offloading process is quasi-static, CAVs
usually need to select an offloading node within a period [138]. The offloading nodes are divided
into fixed-edge servers (such as RSUs) and vehicle-edge servers (such as fixed parking lots and
moving vehicles).

For reducing offloading nodes’ switching delay, Zhou et al. [235] consider vehicle-vehicle of-
floading with similar moving direction and speed. Zhou et al. [235] consider computing offloading
but do not consider the challenge of resource limitation. References [89, 106, 132] jointly consider
how to select offloading nodes to reduce delay under computing offloading and resource alloca-
tion. Specifically, Liu et al. [132] express the offloading node selection problem as a semi-Markov
process and obtained the optimal policy by Q-learning and DRL. Lee et al. [106] consider four of-
floading nodes: local vehicle fog node, fixed parking lot, slow-moving vehicle node, and remote
cloud server. Service delays are minimized by allocating limited fog resources to different vehicle
applications with delay requirements.

In addition, Jiang et al. [89] consider resource allocation while offloading computing tasks.
When tasks are offloaded to other vehicles, more communication resources are allocated. When
tasks are offloaded to edge nodes, more computing resources are allocated. For multi-task
offloading scenarios with different parameters, such as task topology, resource requirement and
transmission/computation capability, Dai et al. [40] develop a seq2seq-based meta reinforcement
learning algorithm to minimize task execution time under different offloading scenarios. MESON
[231] considers the data dependence between tasks in offloading, while optimizing the average
response time and average energy consumption of the system, and proposes mobility-aware
dependent task offloading scheme for urban VEC and develop a DRL-based algorithm to train the
offloading strategy.
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5.3.2  Offloading Task to Vehicle and Edge. A single computing offloading model is often inef-
fective in the face of many computationally intensive tasks. Safe and reliable autonomous driving
requires effective interaction and collaboration between vehicles, as well as between vehicles and
RSUs.

Due to the mobility of the vehicle, the content packets are sent back to the requesting node
through different paths of the VANET. As a relay node for content packet transmission, the of-
floading node is frequently accessed, which easily causes access delay. Yao et al. [217] take mobile
vehicles as cache nodes and access delay is reduced by pre-caching popular content on a set of
mobile nodes. In addition to moving vehicles that serve as cache nodes, Zhang et al. [225] utilize
the synergy between mobile edge computing, multiple base stations, and vehicle caching to ensure
low latency performance.

Using a pre-cached content package to reduce access delay effectively improves computing of-
floading efficiency. Hou et al. [75] use mobile vehicles and RSU infrastructure as partial offloading
nodes to provide low-latency computing services cooperatively. This strategy considers partial
offloading, task allocation, and reprocessing mechanisms comprehensively, and a low-complexity
fault-tolerant particle swarm optimization algorithm is designed. Fan et al. [49] consider multi-
ple devices covered by edge servers, parked vehicles, and moving vehicles as offloading nodes to
reduce the total priority-weighted task processing delay of devices.

5.4 Conclusion

Through vehicle-vehicle collaborative computing, resource-constrained CAVs can offload
computation-intensive tasks to other vehicles to meet task deadlines. Vehicle-vehicle collabora-
tive computing is more effective when there is a high enough density of autonomous vehicles on
the road and the vehicles are within communication range. Vehicle-edge collaborative computing
is more worthwhile to try when the service vehicle is insufficient to support collaborative comput-
ing tasks and the CAV is within the coverage of the edge server. The hybrid computing mode is
more robust than the first two computing modes. When a CAV is within communication range of
multiple offload nodes, it can choose to transfer computing tasks to other vehicles, edge servers,
or both.

6 Cross-layer Delay Analysis in CAVs

In Sections 3-5, we analyze the delay of the perception layer, communication layer, and computa-
tion layer in CAVs, respectively. However, if CAVs adopt a collaborative approach to complete a
task, then optimizing the delay of any layer alone is not enough. There is a tight coupling between
each layer, and optimizing latency for only one layer can cause performance bottlenecks in other
parts of the system.

In this section, we mainly discuss the cross-layer optimization of the perception layer, commu-
nication layer, and computation layer. Cross-layer optimization involves different aspects of edge
computing resource scheduling and is particularly suitable for applications such as CAVs. There
are three directions of edge computing resource scheduling that are involved in CAV application
scenarios: offloading decision, resource allocation, and resource provisioning. Therefore, we an-
alyze the cross-layer delay from the above three perspectives. We summarize the delay analysis
of CAVs across the communication layer and computation layer as shown in Tables 11-13 (see
Appendix A) and carry out fine-grained classification.

6.1 Offloading Decision

The offloading decision studies whether CAVs choose to offload and how many tasks to offload.
The offloading decision is divided into 0/1 offloading and partial offloading. In the computation
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layer, we have analyzed the delay of 0/1 offloading. In this part, we focus on partial offloading.
Partial offloading means that tasks are split, with one part being processed locally and the other
part being offloaded elsewhere.

References [131, 139, 198] use game theory to find the optimal offloading decision. Liu et al. [131]
describe the multi-vehicle computing offloading problem as a multi-user game problem and prove
that computing offloading game reaches Nash equilibrium. Considering the resource competition
of edge servers, Wang et al. [198] propose a multi-user non-cooperative computing offloading
game and prove that the strategy converges to a unique stable equilibrium under certain condi-
tions. Luo et al. [139] propose a self-learning-based distributed computing offloading scheme to
minimize the joint cost of delay and offloading and prove the existence of Nash equilibrium. In
addition to using game theory to find Nash equilibrium for offloading decisions, reinforcement
learning also is used. Chen et al. [20] propose a distributed computing offloading strategy based
on a deep Q-learning network to find the best offloading method to minimize the execution time of
composite tasks. Zhu et al. [236] design the optimal offloading decision of the MEC server based
on multi-agent deep reinforcement learning to minimize the total task processing delay in the
long term.

In applications where multiple entities interact, keeping latency low is critical to the overall reli-
ability of the system. If there is a significant delay in communication or computation between dif-
ferent entities, then the reliability of the CAV system can be compromised. Zhou et al. [234] explore
the most reliable way to collaborate in vehicle-road systems. By developing a reliability-oriented
collaborative computational optimization analysis framework, vehicle users can optimally divide,
offload, and execute application workloads between vehicles and infrastructure. The framework
combines modeling communication reliability (V2V and V2I) and computational reliability (local
execution) to formulate constraint optimization problems. Optimization aims to divide workloads
to maximize the overall reliability of vehicle collaborative computing. In addition, to meet the com-
putation deadlines during offloading, Ndikuman et al. [152] develop a collaboration space of edge
clouds to process data as closely as possible to the vehicles and design an Age of Processing—aware
algorithm to compute the solution in near real-time.

6.2 Resource Allocation

Resource allocation studies how to reasonably allocate resource offloading and task processing in
edge servers during computing offloading. The efficient resource allocation scheme improves the
network throughput and resource utilization of the VEC system and further reduces the delay of
CAVs.

References [149] and [79] optimize communication resources from the transmitted data itself to
reduce data transmission scheduling. To cope with highly random and noisy network conditions,
Naeem et al. [149] design an intelligent agent that schedules packet transmission for ultra-reliable
low-latency communication. Huang et al. [79] use graph-theoretic method and heuristic algorithm
to find low-complexity approximate optimal solutions, which greatly reduce the amount of data
transmitted to the server.

Some studies consider offloading decisions from the perspective of resource allocation. Dai et al.
[41] model the problem of CAVs selection server as a binary decision. Through the joint opti-
mization of offloading decisions and computing resource allocation, the optimal policy of system
utility maximization is obtained. The task offloading problem is divided into two subproblems in
Reference [24]: task placement subproblem and resource allocation subproblem, and mixed-integer
nonlinear programming is used to minimize task offloading delay. Ibrar et al. [83] design software-
defined fog computing for time-critical CAV applications to attain adaptive resource scaling and
minimize E2E delay.
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6.3 Resource Provisioning

Because the request load of CAV varies over time, edge nodes constantly experience workload
fluctuations. Resource provisioning mainly refers to how to provide enough computing and storage
resources based on the dynamic needs of users and system load. Resource provisioning includes
task allocation and resource placement. Task allocation mainly studies how to allocate resources
to tasks to achieve ideal QoS with the goal of task delay when edge resources are limited. Resource
placement focuses on how edge services or edge servers are placed. The location and number of
edge services critically impact the cost and latency of CAV networks.

Due to the heterogeneity of computing resources, high mobility of vehicles, and uneven distribu-
tion of workload, it is a complex problem to select the best edge nodes and improve the resource
utilization of edge nodes. Dai et al. [39] propose a MAB learning algorithm to realize workload
balance among MEC servers by learning real-time workload distribution online. Xu et al. [207]
design an adaptive computing offloading method to optimize the task offloading delay of the edge
system by migrating the offloading position. Parked vehicles are selected as an auxiliary comput-
ing node in Reference [158]. Based on the prediction probability, the availability of parked vehicles
is evaluated to select the location of the parked node. Peng et al. [158] add transfer delay and com-
puting delay into cost function and use Stackelberg game and a ternary search-based algorithm to
minimize the cost.

References [73, 154, 163] take dynamic resource provisioning from the perspective of resource
providers and reduce content transfer latency by caching services at edge nodes. In Reference [73],
service content is cached in the RSU to provide a fast caching service for mobile vehicles of content
providers. In Reference [163], collaborative edge caching between macro cell stations, RSUs, and
intelligent vehicles minimizes content access cost and reduces content transmission delay. Ning
et al. [154] solve a mixed integer non-linear programming problem to minimize the total network
delay, including communication delay, computing delay, network congestion delay, and content
download delay of users. To solve the problem that frequent changes in the topology of vehicle
networks increase the communication link switching delay, Jin et al. [90] propose an adaptive
cooperative caching strategy and described the optimization problem of minimizing the average
transmission delay.

6.4 Conclusion

Computationally intensive tasks are entirely or partially offloaded to places with sufficient re-
sources for processing, because CAVs are mostly resource-constrained. If CAVs decide to offload
partially, then the delay model includes local computation delay, transmission delay, and compu-
tation delay at offloading destination. If CAVs decide to offload all, then the delay model includes
transmission delay and computation delay of the offloading destination. The resource allocation
problem is often modeled jointly with the offloading decision problem. By considering communi-
cation, computing, and storage resources, a better offloading decision is achieved to reduce the
system delay. Resource provisioning to CAVs is greater than the workload required, and edge
nodes may pay unnecessary costs. Conversely, if resource provisioning to CAVs is smaller than
the workload needed, then it results in poor QoS or even failure to complete tasks before the
deadline. Therefore, designing a reasonable resource provisioning scheme effectively reduces task
delay.

7 Delay Modeling and Discussion

In this section, we provide an overview of the delay modeling and discussion for each layer of
CAVs, incorporating the fine-grained classification of research directions presented in Sections 3—
6. We also examine the factors that influence the delay in each layer and highlight the key concerns

ACM Comput. Surv., Vol. 57, No. 8, Article 200. Publication date: March 2025.



200:24 T. Liu et al.

addressed by current researchers. Additionally, we identify other factors affecting delay that have
not been thoroughly considered.

Since the fine-grained modeling of delay varies across different papers, we adopt a high-level
perspective to analyze and model the delay of the perception layer, communication layer, and
computation layer. We acknowledge that the cross-layer delay modeling and analysis overlap to
some extent with other layers. Therefore, we consolidate the cross-layer content and summarize
it within the context of other layers.

7.1 The Perception Layer

The delay in the perception layer of CAVs refers to the time taken for environmental information
to be received from sensors and made available for subsequent processing and decision-making. In
cases where the vehicles have limited perception capabilities, collaborative perception techniques
can be employed, leveraging sensors from other vehicles or edge nodes [26, 38, 124, 128, 203, 228].
Consequently, collaborative perception involves the joint modeling of the perception layer and
the communication layer [36, 202]. Tables 3 and 4 highlight that the delay in the perception layer
of CAVs primarily revolves around task inference delay. Task inference delay pertains to the time
required for task analysis and inference based on the sensing data. The modeling of task inference
delay typically takes into account the following factors: data preprocessing [116, 166, 183, 200],
feature extraction [23, 26, 61, 124, 203, 213, 220], and model inference [21, 22, 48, 55, 72, 103, 109,
117, 134, 161, 182, 199, 209].

Data preprocessing delay. The delay in the perception layer refers to the time required such
as data parsing, data format conversion, and data fusion of the sensing data [84]. The percep-
tion of various data types in CAVs has been extensively studied. Researchers commonly collect
sensing data using camera [22, 199, 213], radar [117, 134, 181, 182, 209], radar-assisted camera
[116, 166], IMU (Inertial Measurement Unit) [85, 224, 237], and GPS [21, 103, 171]. However,
the challenge lies in developing real-time and scalable multi-sensor fusion algorithms that effec-
tively process large volumes of sensor data and provide accurate environment perception results
within the required time frame [202]. There is still a significant research gap in improving the
real-time performance and scalability of data fusion algorithms in CAVs.

Feature extraction delay. The delay refers to the time spent extracting useful information or
features to solve specific problems [142]. Most researchers use feature extraction methods such as
CNN [22, 48, 72, 166, 209, 213], RNN (Recurrent Neural Network) [110, 142], and GAN [205]
to extract advanced features of data effectively. It is worth noting that compared with ResNet
[71, 176], DenseNet [78], and InceptionNet [187], lightweight feature extraction networks such as
MobileNet [76, 173], SqueezeNet [82], and ShuffleNet [229] have been widely used in CAVs because
of their lower computational complexity and efficiency.

Model inference delay. The delay refers to the time of calculation and inference in the task
execution phase. Researchers usually adopt lightweight inference models to ensure the completion
efficiency of tasks, such as fast object detection based on YoLo [169] and SSD [130] algorithms
and real-time instance segmentation based on BiSeNet [220], Yolact [14], and DeepSnake [159]
models. While significant research has been dedicated to reducing the complexity of inference
models for improved real-time performance, challenges arise when deploying these models in
practical application scenarios [148, 170]. Limited computing power, memory, and storage capacity
in CAVs leads to resource competition during model reasoning, impacting real-time performance.
To address this, performance analysis tools [10] can be utilized to monitor performance bottlenecks
and identify time-consuming operations of the model in actual scenarios. Targeted optimization
measures, such as asynchronous computing and module parallelism, can then be implemented to
enhance overall performance and real-time capabilities.
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7.2 The Communication Layer

The delay in the communication layer of CAVs refers to the delay experienced during commu-
nication between vehicles or between vehicles and infrastructure. As shown in Tables 5-7, the
communication latency in CAVs primarily focuses on factors such as data transmission delay
[50, 79, 80, 115, 122, 149, 154, 201, 211, 218, 233], communication switching delay [8, 13, 44, 62,
64-66, 86, 144, 188, 210], and end-to-end delay [30, 33, 34, 87, 88, 96, 135, 136, 151, 175, 215].

Data transmission delay. The delay refers to the time elapsed from the start of data trans-
mission until the receiving party successfully receives the data. Modeling data transmission de-
lay typically takes into account factors such as transmission distance [80, 115], transmission rate
[11, 60, 94, 115, 201], packet quality [79, 122, 149, 211], and channel quality [50, 154, 218, 233]. In
addition to optimizing these factors to reduce data transmission delay, parallel transmission and
multi-path transmission techniques can be further employed to improve real-time data transmis-
sion. Additionally, optimizing the communication system of CAVs, including hardware accelera-
tion and network stack optimization, can also help reduce data transmission delay.

Communication switching delay. The delay is the time that occurs when a vehicle switches
from one communication link to another. The modeling of communication switching delay consid-
ers factors such as the availability of communication links [8, 44, 86, 144], the switching decision
[13, 64, 188, 210], and the allocation of communication resources [62, 65, 66]. However, there is
still a lack of consideration for data and resource caching and prefetching when CAVs seamlessly
switch with other nodes. For example, leveraging local caching and prefetching technologies to
store a portion of data before network switching can enable uninterrupted service provision during
the transition, thereby reducing interruptions and delays.

End-to-end delay. The delay in the communication layer refers to the total time delay experi-
enced when sending data from the source node to the target node for data reception [28, 150]. It
encompasses various components, including sender delay, transmission delay, routing delay, and
receiver delay [195]. End-to-end delay aims to comprehensively consider the delays introduced
by each link in the communication layer, and the modeling typically involves summing up the
delays of each link. However, there is a limited amount of research focused on simulating and
measuring end-to-end communication delay [3]. To address this, network simulation tools or real
measurement platforms can be utilized to evaluate the communication process of intelligent con-
nected vehicles. These tools and platforms enable the assessment of system performance using
test and evaluation data. Additionally, such approaches can be employed to validate the accuracy
and applicability of theoretical models.

7.3 The Computation Layer

The computation layer delay refers to the time between receiving the sensing data and producing
the decision. When dealing with compute-intensive tasks, due to the limited computing capacity
of vehicles, it is usually necessary to use the resources of other vehicles or edge nodes for col-
laborative computing [5]. Therefore, collaborative computing usually involves the joint modeling
of the communication layer and the computation layer to achieve efficient task processing and re-
duce delay [206, 234]. As shown in Tables 8-10, the delay of the computation layer of CAVs mainly
focuses on the computing offloading delay [9, 19, 89, 93, 111, 131, 138, 140, 153, 186, 198, 235] and
the task execution delay [20, 24, 39, 41, 49, 51, 77, 104, 106, 132, 163, 223, 225, 236].

Computing offloading delay. Modeling the delay of computing offloading usually considers
several factors. First, the offloading path is one of the key factors [19, 131, 140, 153, 186, 198].
Different paths may have different network delays and bandwidths. Second, the processing
capacity of the offloading destination also needs to be considered [89, 138, 140, 235]. Offloading
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tasks to a destination with high computing power can effectively improve computing efficiency.
In addition, load balancing is considered during task offloading [93, 111], which can overload
or waste resources between nodes. At the same time, the transmission time of computing tasks
[9, 19, 138, 140] should also be taken into consideration in modeling, in which task size and
transmission distance have an impact on delay. In addition, it is feasible to further optimize the
offloading delay according to the characteristics and priority of the task. Different types of tasks
may have different characteristics and real-time requirements; for example, object detection tasks
usually have higher priority and real-time requirements.

Task execution delay. The delay refers to the time during which computing tasks are com-
pleted on cloud servers or edge nodes. The modeling of task execution delay usually considers
the following factors: First, different scheduling policies [20, 41, 49, 77, 83, 223, 236] determine the
order in which tasks are executed and how resources are allocated on computing nodes. Choosing
an appropriate scheduling policy improves resource utilization and task execution efficiency. Sec-
ond, efficient resource allocation supports smooth task execution, including CPU, memory, and
storage [24, 41, 49, 83, 104, 106, 132]. In addition, different tasks may have varying computational
loads [39, 51, 163, 225]. Considering the complexity of each task, the task execution sequence and
resource allocation can be optimized to reduce task execution delay. Task segmentation involves
breaking down large tasks into smaller subtasks, while parallel execution utilizes multiple compute
nodes simultaneously. These techniques enhance efficiency and parallelism in task execution, lead-
ing to reduced delay.

8 Challenges and Future Directions

Although significant progress has been made in the field of CAV delay reduction, important re-
search challenges and open questions remain. Next, the challenges we have studied in depth in
the literature are presented. These topics can guide future research in this area. These topics only
address issues other than the direction of CAVs’ delay, such as security and privacy, incentives,
datasets, and evaluation criteria. These open challenges and issues require further investigation
and have been organized around four key topics:

Real-time collaborative sensing between CAVs. The effect of multi-modal and multi-view
image-point cloud fusion is more evident than that of the traditional perception algorithm. More-
over, the fused data significantly reduce the amount of data transmitted and the network commu-
nication load to improve the real-time data transmission performance. Therefore, to ensure object
detection performance, the transmission of redundant data should be reduced as much as possi-
ble to enhance collaborative sensing results’ accuracy and real-time performance. Good redundant
data sharing helps improve the accuracy of perception, but too much redundant information is not
good. The communication resources of vehicle networks are very precious, and it is necessary to
schedule tasks and allocate resources to edge nodes reasonably. The information on the vehicle’s
region of interest (ROI) is selectively shared, and data redundancy is minimized to meet the
requirements of timeliness and accuracy. Appropriate network technology deployment effectively
reduces the delay.

Seamless communication. The vehicle communicates with one roadside unit and uploads its
mission within a specific area. Once the vehicle is out of the coverage area of the roadside device,
the transmission process will be interrupted. Therefore, the high mobility of vehicles leads to fre-
quent switching between servers at the edge of small coverage areas, causing vehicles to move out
of communication range with each other, and the connection time is short. This is very complicated
and unreliable. In addition, since the network may have a few nodes or a large number of nodes
in a few seconds or minutes, scalability issues may make it challenging to maintain good perfor-
mance regardless of the number of nodes in the network. Therefore, it is crucial to understand the
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spatial and temporal mobility of CAVs. A more effective routing link scheme can be proposed by
understanding the spatio-temporal characteristics of the considered mobile entities. For example,
an RSU used to perform a mobile user task is connected based on the historical trajectory of the
vehicle. Maintaining QoS in the vehicle environment is a very complex and delicate task to obtain
a timely and reliable communication transmission link between the vehicle and edge servers.

Efficient parallel processing of task computation. How dispatching incoming tasks to dif-
ferent cells at run time is a challenge to achieve optimal energy efficiency and performance. This is
achieved through the run-time layer. Designing run times for heterogeneous autonomous driving
systems is an entirely new research area with great potential, as most existing run-time designs
focus on mapping an algorithm to one type of accelerator or focus on scheduling homogeneous sys-
tems or heterogeneous systems with a single accelerator. To ensure real-time performance, GPUs
are generally responsible for running certain DNN tasks, such as image recognition. However, in
future CAVs, multiple hybrid critical tasks must be run on GPUs in parallel. For example, GPUs
simultaneously process various DNNS in parallel inference tasks (image recognition, speech recog-
nition, natural language processing), DNN online training tasks, fault-tolerant backup tasks, and
other vital tasks. At the same time, information display tasks of the dashboard, 2D/3D multimedia,
or game system should be performed. This kind of multi-task requirement increases the complexity
of task scheduling and resource management in the real-time embedded operating system.

Large language model-driven CAV. Over the past few years, we have witnessed the power
of large language models (LLMs) to process and understand natural language. The application
of LLMs in the field of CAVs is increasingly becoming an important direction of future develop-
ment, especially in the enhancement of human-computer interaction, driver assistance systems,
and fully autonomous driving technology. First, LLMs can make the voice assistant not only re-
spond to simple instructions through deeper semantic understanding and situational adaptability
but also participate in the daily conversation of the driver, providing a more humane interactive
experience. Second, LLMs provide drivers with the latest road conditions, weather forecasts, and
warnings of possible traffic risks by analyzing large amounts of text information such as social
media, news reports and traffic databases in real-time. Finally, through real-time data exchange
between vehicles and vehicles and between vehicles and the road network, LLMs can help build a
more efficient connected vehicle ecosystem. Vehicles can not only communicate with each other
and exchange driving data but also analyze this information to optimize traffic flow, reduce conges-
tion, and improve energy efficiency. In the future, with the further enhancement of the capability
of LLMs and the continuous expansion of application scenarios, CAVs will be more intelligent, safe,
and efficient.

9 Summary

In this survey, we conduct a systematic and comprehensive review of delay optimization in CAVs.
First, we introduce the importance of delay problems and divide the architecture of CAVs into the
perception layer, communication layer, computation layer, and cross-layer. Second, we outline the
meaning of each layer in CAV application scenarios and divide each layer according to the different
ways of collaboration. Third, the research questions and techniques of each layer of delay analysis
are outlined in depth, which is the outstanding result of this survey. Fourth, we model the delay of
each layer and discuss the factors that affect the delay. Finally, through extensive and deep research
on delay analysis in CAVs, we find out the bottlenecks and challenges of current research and put
forward a valuable prospect.
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A Appendix A

The Appendix summarizes most of the papers mentioned in the survey in tabular form, with fine-
grained classifications for each layer. The classification attributes include the direction of the paper,
the time delay of optimization, proposal, optimization methods, and experiment.

Tables 3 and 4 summarize the existing papers on the delay analysis of the perception layer of
CAVs. Tables 5-7 summarize the delay analysis of the communication layer of CAVs. Tables 8-10
summarize the delay analysis of the computation layer of CAVs. Tables 11-13 summarize the delay
analysis of CAVs across the communication layer and computation layer.
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Table 3. Comparison of Papers Focusing on Single Perception Delay Analysis

Direction Category Proposal Characteristics Experiment
camera [199] Detection pipeline only contains a single forward pass of a | 57.2 FPS on NVIDIA TITAN
neural network X GPUs in the KITTI dataset
camera [22] Using knowledge distillation and hint learning to balance | Accuracy-speed tradeoff in
accuracy-speed the hybrid datasets
camera [213] Dynamic and static flows to capture the moving trend and | 0.8 ms delay on Tesla V100
basic detection feature for streaming prediction GPU in Argoverse dataset
radar [182] A specific complex regression strategy to estimate 50 FPS on NVIDIA Titan X in
2 multi-class 3D boxes in Cartesian space the KITTI benchmark
_§ radar [134] Incorporating the shape-aware 2D/3D constraints into 3D | 25 FPS on an NVIDIA V100
5 detection framework GPU in the KITTI dataset
L
;§ radar [181] A fast parameterizable evaluation metric by designing 100 FPS in the KITTI dataset
o rotation-translation score to reduce inference time
% radar [117] An efficient and effective 3D object detection framework 45 FPS on a NVIDIA Tesla
g based on 2D convolution V100 in the KITTI dataset
R/ camera + [166] A novel CNN architecture fusing both RGB and LiDAR | 18 FPS on a standard desktop
radar information GPU in the KITTI dataset
camera + [116] An E2E learnable architecture to reason about 2D and 3D | Real-time performance in the
radar object detection hybrid datasets
General [55] A unified deep convolutional network to detect relevant | 33 ms on Nvidia M6000 GPU
2 obstacle static and dynamic obstacles in the KITTI dataset
_‘E General [183] Learning and refining semantic segmentation and 14.5 FPS on a Nvidia Titan X
s obstacle disparity maps from a stereo RGB pair GPU in fused datasets
%‘ Traffic sign [61] A novel system to detect candidate regions as maximally | 20 FPS on Intel Core i5 in an
o stable extremal regions online database
= Traffic sign [23] Using high-level features and utilizing receptive field block | >30 FPS on Tesla V100 GPUs
< cross to capture contextual information in the TT100K dataset
Semantic [200] Formulating point-wise classification and inputting LIDAR | 8.7 + 0.5 ms on TITAN X
segmentation point cloud and outputting a point-wise label map GPUs in the KITTI dataset
Semantic [220] A novel bilateral segmentation network-based spatial path | 105 FPS on NVIDIA Titan XP
- segmentation and context path in the Cityscapes dataset
% Panoramic [74] A new single-shot panoptic segmentation network 30 FPS on Tesla V100 GPU in
= segmentation the hybrid datasets
."i Panoramic [72] Designing a parameter-free head to merge the per-pixel | Real-time performance in the
s segmentation bbox and semantic prediction from feature map hybrid datasets
é Instance [160] A novel real-time instance segmentation method that Real-time performance on
g segmentation segments objects using bounding polygons GTX 1080Ti
g Semantic [48] Reducing the dimension of feature maps and using the 250.4 FPS on GTX 1080Ti in
&~ segmentation aggregation of them for image representation the Cityscapes dataset
Panoramic [109] A fast and high-performance LiDAR by introducing a 6 times faster than baselines
segmentation clustering pseudo heatmap and a KNN-transformer in the KITTI dataset
module
motion [224] A sequential, multi-layer processing pipeline, solving for | Real-time performance on a
estimation low-latency ego-motion estimation from coarse to fine laptop computer
motion [237] A method for the real-time estimation of vehicle position Almost no time delay
o estimation and of further longitudinal and lateral dynamic state
% variables
’2 motion [85] A GPU-based 3D ego-motion estimation method 40 FPS on GeForce GTX 480
3 estimation GPU
@
K navigation [171] Formulating motion planning problem as a nonlinear Better real-time performance
% optimal control problem and obtaining the optimal than baselines on GTX750Ti
© solution
navigation [103] Constructing a real-time navigation system-based DRL by Improving 30.4% for
formulating tasks as a series of decisions traveling time
navigation [21] Defining the optimal navigation path as a sequential list of | Less navigation time than
directed links with minimum cost baselines
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Table 4. Comparison of Papers Focusing on Collaborative Perception Delay Analysis
Direction Category Proposal Characteristics Experiment
Object sharing [128] Using neural network pruning technique to | Reducing 34.1% average latency
reduce the detection time and a novel than baselines
variational autoencoder to reduce object
feature size in feature extraction
Lo Feature sharing [203] Merging semantic bird’s-eye view of Less data transfer
22§ multiple vehicles
n|>) g 2, Feature sharing [26] Using feature level fusion to realize E2E 3D | Achieving a 30%-40% detection
ﬁ = g object detection and supporting voxel and precision increase
£ ‘§ a spatial feature fusion
> Data sharing [179] Settings with minimal point cloud overlap Generating highly accurate
(both in the spatial and temporal sense) and | reconstructions within minutes
developing techniques to minimize error
and computation time in multi-way
registration
Data sharing [228] Edge server merges views from multiple Achieving 24 FPS and E2E
vehicles to form a more complete bird’s-eye latency of 93 ms on average
view with a higher resolution
Data sharing [38] Proposing an algorithm of computing Less task completion delay
v o offloading and resource allocation based on
= E g sensing data fusion to deal with real-time
ij g % data of edge servers
E § 2] Feature sharing [124] Edge server merges key frames from Reducing E2E latency by 40.09%
973 & multiple vehicles and generates 3D feature
3 .
maps and then sends to the vehicles
Feature sharing [185] A mini-iterative closest point algorithm Feature matching time could be
that can automatically select feature points accelerated by 13.94%-72.32%
and perform point-cloud registration

Table 5. Comparison of Papers Focusing on Direct Communication Delay Analysis

Direction Category Proposal Characteristics Experiment
Content retrieval [201] Increasing the amount of data transmitted Average content retrieval
latency each time based on mmWave latency less than baselines
Data transmission [211] The optimal frame design to maximize the 0.332 ms optimal transmission
delay information transmitted between all V2V pairs delay
Communication [8] Dynamically selecting optimal transmission 23.4% lower packet delay than
latency channel by estimating communication delay baselines
Communication [144] Avoiding major delay components by 20 ms in the majority of
switching delay pre-registering vehicles with multiple carriers locations
g Queueing delay [7] Using Lyapunov stochastic optimization to Average queueing latency
= optimize resource block in each region reduction up to 97%
E Resource [80] Selecting the optimal receiving vehicle to Total delay less than baselines
é’ contention delay determine the V2V link
g Beamforming [94] A system that creates 3D reflection profiles Lower beamforming overhead
8 overhead from street view images than baseline
Z Beam training [60] Using a passive radar array to sense A significant improvement for
> overhead automotive radar transmissions coming from beam training overhead
multiple vehicles on the road
Beam sweeping [11] A new beam alignment method to select the Minimal computational
overhead optimal beam angle of departure from the complexity
mmWave base station
Blockage durations [192] Establishing a continuous-time Markov chain | Eliminating long blockages and
model of the blockage events improving latency performance
Communication [86] Using a delay estimation model to determine Average latency less than
switching delay the best available path baselines
Access latency [32] A time-coordinated multiple access scheme to Service interruption time less
g improve V2I communication and handoff 10%-28.3% than baselines
k= Communication [13] A deterministic MAC method for real-time Total Jatency Iess than baselines
E switching delay communication based on V2I
=] Queueing delay [226] Low latency resource preallocation algorithm User rejection rate less than
E based on Markov prediction model baselines
S Transmission delay [50] Two-phase radio resource allocation problem The tradeoff among rate,
< for physical layer delay guarantee latency, and reliability
> Transmission delay [162] Extracting and transmitting low-dimensional | Yielding up to 69.8% and 20.42%
intermediate features to lower the overhead of improvement in latency and
inter-vehicle messaging throughput
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Table 6. Comparison of Papers Focusing on Indirect Communication Delay Analysis

the best network transmission quality

Direction Category Proposal Characteristics Experiment
E2E latency [34] Quantifying the E2E delay experienced by | E2E latency less than baselines
V2N and V2N2V communications in
different 5G network deployments
%‘ g EZ2E latency [33] Reducing E2E latency under network EZ2E latency less than baselines
% § & ‘*:5 deployments via mobile edge computing
£ .f-f ﬁ g federation
2% —é g Communication [114] Incorporating integrated sensing and Employing 75% fewer pilots
g > g link switching communications signals in the NR-V2X and reduce reference signals by
© © latency system 43.24%
E2E latency [175] Anchor-based street- and traffic-aware EZ2E latency less than baselines
routing
E2E latency [88] Improved greedy traffic-aware routing EZ2E latency less than baselines
protocol
EZ2E latency [87] Estimating the delay and select the best EZ2E latency less than baselines
available path by obtaining vehicle data
E flow statistics
§ E2E latency [96] Routing by using weights associated with | E2E latency less than baselines
g neighboring nodes
E E2E latency [30] A hybrid geographic routing solution by | EZ2E latency less than baselines
S using delay-tolerant forwarding
_é‘ E2E latency [135] Designing a truly two-dimensional system | Less latency of first packet per
o area by GPS ‘connection’ than baselines
E E2E latency [136] A greedy perimeter coordinator routing EZ2E latency less than baselines
< algorithm without using any global or
a external information
=}
t':,? E2E latency [151] Integrating the connection path between Less the average data packet
E the integration destination and the source delays than baselines
S destination and dynamic adjustment
E2E latency [215] Adaptive selecting the optimal route with Less network delay than

baselines
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Table 7. Comparison of Papers Focusing on Hybrid Communication Delay Analysis
Direction Category Proposal Characteristics Experiment
Transmission delay [122] Dividing a scheduling cycle into three Less the mean service delay
phases: V2I, V2V, V2, or V2V than baselines
= Transmission delay [233] Selecting one of the three communication | The performance supremacy of
> modes: V2N, V2I, V2V transmission delay
£
; Transmission delay [218] A distributed approach by continuously 0.1305 s E2E message
g updating vehicle status transmission delay
Transmission delay [80] Pre-caching some services on the upcoming | The performance supremacy of
RSU but not the current RSU transmission delay
Communication [65] Reusing the optimal power allocation of a Guaranteeing the V2V link
delay pair of V2I links and a V2V link by latency requirement
considering each possible spectrum
Communication [66] Using the effective capacity theory and the Guaranteeing the V2V link
delay delay index to express the delay constraint latency requirement
explicitly
Communication [210] Formulating the joint communication mode | Achieving the fast convergence
delay selection problem as a decentralized RL speed
framework
Communication [62] An intelligent algorithm for the Guaranteeing the V2V link
delay beamforming design at the reconfigurable latency requirement
intelligent surface
§ Access delay [43] Using non-orthogonal multiple access to Less access delay than the
] reduce access latency traditional orthogonal multiple
; access scheme
N Access delay [81] Avoiding large-scale exchange of control | Guaranteeing the upper bound
information and signaling based on the of the latency
vehicle-centered method
Link switching [188] Making further routing decisions Less average delay than
delay independently based on the successful baselines
transmission probability and average delay
of each vehicle request
Link switching [44] Using the coordination capability of SDN to | Less average packet delay than
delay determine the optimal V2V multi-hop path | centralized routing algorithms
Link switching [64] Analyzing quantitatively the data Less data delivery delay than
delay transmission delay caused by dynamic baselines
factors
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Table 8. Comparison of Papers Focusing on Vehicle-vehicle
Collaborative Computing Delay Analysis

Direction Category Proposal Characteristics Experiment
E2E delay [9] The weighted round robin scheduler to 0.822 data cargo/s and 3 times
overcome bufferbloat and distribute the than other aggregated
data better throughput
Offloading delay [153] Integrating a container orchestration into a | 64% improvement in terms of
° computational offloading framework to run average time cost
e more task replicas
IS
§ Offloading delay [140] Jointing task scheduling and resource Lower service delay than
o allocation baselines
= Total computing [19] Modeling the corresponding selection 0.2 s-2.4 s latency reduction
L2l . . . f
delay relationship between task set and candidate | than local computing and 0.16
vehicle set as a generalized allocation model | s-2.3 s latency reduction than
random offloading
System delay [51] Efficient job caching based on adjacent 95% of the utility of the optimal
vehicles solution within fewer than 10
iterations
Average offloading [186] Adaptive learning of offloading delay Decreasing the average delay
delay performance of adjacent vehicles up to 30% compared with
baselines
° The job total [77] A greedy-based task scheduling algorithm | Lower the response time of jobs
§ latency for offloading jobs than baselines
§ Task execution [37] Realizing self-update of offloading strategy | Reducing the total system delay
g delay based on DRL according to previous up to 69.4% compared with
§ experience local execution strategy
5‘ Learning latency [108] Constructing Markov decision process to Lower the training delay than
jointly optimize participant selection and baselines
resource allocation problems
Learning latency [129] Jointly optimize compression ratio, batch Improving the learning
size, and spectrum allocation performance by maximizing
the convergence rate under a
constrained latency

Table 9. Comparison of Papers Focusing on Vehicle-edge Collaborative Computing Delay Analysis

optimal mapping between vehicles and
multiple RSUs

solutions in real-time

Direction Category Proposal Characteristics Experiment
E2E service delay [104] Prediction of resource availability and Higher user satisfaction than
2 service requirements of edge nodes based baselines
® on reinforcement learning
E‘, Ed Average task delay [223] Markov decision process based on proximal | Relatively small delays than
3 = policy optimization baselines
o E‘ Offloading delay [138] Solving a multi-objective optimization A optimal tradeoff between
T S problem to minimize both the delay and delay and cost
';'i)o cost by jointly considering the offloading
g decision, allocation of communication and
@ computation resources
Offloading delay [93] Optimizing the resource utilization of edge | Lower average response times
w nodes based on local and global than baselines
. *é load-balancing technology
2 g Average service [111] A task partition and scheduling scheme A near-optimal task scheduling
it 8 delay based on Markov decision process to divide solution with low
= £ the computing workload among edge time-complexity
=l § servers
= = System delay [45] A biased-randomized algorithm to solve Feasible and high-quality
)
Q
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Table 10. Comparison of Papers Focusing on Hybrid Computing Delay Analysis
Direction Category Proposal Characteristics Experiment
Average offloading [235] Mobility prediction based on model or Low complexity and fast
delay reinforcement learning convergence
Task computing [132] Obtaining the optimal strategy of Less delay than baselines
delay computing offloading and resource
allocation based on Q-learning and DRL
g Service latency [106] Obtaining an efficient solution of resource Less delay than baselines
2 allocation decision problem based on
5 heuristic algorithm
% Offloading system [89] Formulating offloading and resource Delay within the maximum
5 delay allocation scheme as a mixed-integer allowable latency requirement
Z non-linear problem
:m Task execution [40] Designing a unified solution to minimize Reducing task execution time
= delay task execution time under different by 11.36%, on average
E multi-task offloading scenarios
% Average response [231] The minimization of the average response | Superior average response time
delay time and average energy consumption of compared to baselines
the system is defined as a combinatorial
optimization problem
Access delay [217] Caching popular content on a set of mobile | Less average access delay than
nodes that may repeatedly visit the same baselines
Y hotspot
T Service delay [225] The two-sided matching method of Less formation delay and
2 computation task assignment perception reaction time than
s baselines
ﬁ Service delay [75] Designing a low complexity fault-tolerant Less service than baselines
g particle swarm optimization algorithm by
2 considering the mechanism of partial
é offloading, task allocation, and reprocessing
;@ Task processing [49] Designing a generalized benders Near-optimal solutions with
é‘ delay decomposition and reformulation low computational complexity
o) linearization-based iterative algorithm
Table 11. Comparison of Papers Focusing on Offloading Decision
Direction Category Proposal Characteristics Experiment
Computing [131] Describing the multi-vehicle computing Less computing overhead than
offloading delay offloading problem as a multi-user baselines
computing offloading game problem
Computing [198] Proposing a multi-user non-cooperative Meeting the requirement of
offloading delay computing offloading game to obtain the task execution latency
best response of each vehicle
Offloading decision [139] A distributed computing offloading scheme Achieving at least an
delay based on self-learning to minimize the joint order-of-magnitude
cost of delay and offloading improvement on time overhead
and 88% performance gain on
a message overhead
:% Execution delay of [20] A distributed computing offloading strategy Less execution time of the
_u; composite tasks based on deep Q-learning network to find | computing tasks than baselines
o the best offloading method
;cB; Total task [236] A centralized training algorithm and Decreasing delay 10.2%-21.7%
é processing delay distributed execution algorithm based on compared with baselines
o multi-agent DRL to select the appropriate
MEC server to execute the task of multiple
vehicles
Task processing [152] Proposing an Age of Processing Meeting computation deadlines
delay (AoP)-aware offloading mechanism for while minimizing AoP
autonomous vehicles and formulating an
optimization problem that minimizes AoP
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Table 12. Comparison of Papers Focusing on Resource Allocation

Direction Category Proposal Characteristics Experiment
Packet [149] Deep distributed Q network based on Higher packet transmission
transmission delay generative adversarial network to learn the rate and lower transmission
action value distribution of intelligent delay than baselines
transmission scheduling
o Packet [79] A method-based graph theory and Obtaining the near-optimal
8 transmission delay heuristics to minimize data transfer to solution
K server
o
= Task processing [41] Developing a low-complexity algorithm to Better performance than
] delay jointly optimize offloading decision and baselines
§ resource allocation
% Task offloading [24] Using mixed integer nonlinear Reducing 20% of task duration
~ delay programming to solve task placement and
resource allocation subproblems
EZ2E delay [83] Software-defined CAVs based on horizontal Less average latency than
and vertical traffic offloading baselines
Table 13. Comparison of Papers Focusing on Resource Provisioning
Direction Category Proposal Characteristics Experiment
Task completion [39] A multi-armed bandit learning algorithm to Better performance than
delay learn real-time workload distribution online baselines
Task transmission [207] Designing an adaptive computing Less average transmission time
delay offloading method based on decomposition than baselines
multi-objective evolutionary algorithm
Computing [158] Evaluating the availability of parked vehicle Less computing offloading
offloading delay based on the prediction probability to select delay than baselines
computing offloading location
o
g Content access [73] Caching service content in the RSUs Better performance than
_g delay baselines
é Content access [163] Cooperative caching in a macro-cell station, | Suboptimal solution with low
& delay roadside units, and smart vehicles computational complexity
:{3 Content access [154] Caching service content in RSUs and Lower network delay in diverse
3 delay vehicles traffic scenarios
2
~ Average [90] Proposing an adaptive cooperative caching | Less the average transmission
transmission delay strategy to adapt the frequent network delay than baselines
changes and describing an optimization
problem to minimize the average
transmission delay
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