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System Method Characteristics Limitations Level 5 challenges

Perception Single-sensor Consider the physical principle and data  Limited perceptual performance and targeting Poor perception performance in com-
perception type of each sensor specific scenarios [16] plex environments

No single type of sensor to cover all

scenarios
Virtual Simultaneous localization and mapping ~ SLAM: dense and complex computation; fail ~ Dynamic traffic will seriously affect
perception (SLAM) system: build map based on in dramatically changing road conditions; the accuracy and real-time robustness
sensor data in virtual environment strongly depend on the accuracy of the input  of positioning
Vehicle to everything (V2X): collabora-  perception data No uniform standard for infrastructure
tive perception V2X: rely on the infrastructure transforma- deployment
tion; require high communication perfor-
mance and high reliability
Multiple Realize the complementary advantages ~ Fusion perception of severe weather and light No fusion algorithm to simultaneously
sensor fusion  of multiple sensors changes is unreliable deal with multiple sensor data problems

Sensor data is imperfect, inconsistent, and het- A reliable sensor fault detection and
erogeneous [17] isolation method still needs to be added

to deal with sensor failure

Decision  Hierarchical ~ Divided into three levels: situation as- Consider limited interactivity, uncertainty, or ~ Dependent on data to adapt to high-dy-
decision- sessment, behavior decision, and motion explosion namic and random real traffic scenarios
making [18]  planning Difficulty in meeting the driver’s expectations Limited self-learning ability hinders its

Without considering the impact of limited per- decision-making performance in a high-
ception and control ability level autopilot
Low computational efficiency to apply
to high-level AVs

End-to-end Based on machine learning, the vehicle ~ Simple application scenarios Massive and comprehensive data need
decision control information is directly output Unclear decision mechanism to be collected in advance for training
making [19]  from the input of environment percep- Limited generalization ability of multiple The uninterpretability makes it a great
tion information scenes uncertainty in the application of ad-
Lack of consideration of the interaction be- vanced automatic driving

tween traffic participants

Control Lateral The vehicle lateral control is realized by ~ Traditional control methods fail to solve the High-level AVs need to improve the
control [20] means of adaptive control, fuzzy logic problem of multiobjective control of AVs safety and efficiency of overall traffic
control, sliding mode control, etc. rather than control in single direction
Longitudinal ~ The vehicle longitudinal control is real- ~ The control effect is sensitive to the modeling Complex scenes require many computa-
control [21] ized by means of incremental propor- accuracy tions in control process
tion-integration-differentiation (PID) Challenges in solving high-dimensional non-

control, adaptive cruise control, etc. linear analysis
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System Method Characteristics

Limitations

Level 5 challenges

Multiobjective Combined with learning methods (i.e.,
cooperative

control [22] cle cooperative control can be realized

for complex scenarios considering multi- mance occurs in complex scenes

objects

cannot be guaranteed

orative control while poor real-time perfor-

The stability and convergence of the model

Realize intelligent adjustment of personalized How to obtain the optimal solution of

deep reinforcement learning), multivehi- parameters and achieve multiobjective collab- dynamic multiobjective control for

high-level AVs; optimize the operation
performance of complex conditions;
and obtain the real-time, robust, and op-

timal control results
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Brain—cerebellum-organ coordination and balance framework
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