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One of the challenges that autonomous vehicles (AVs) face is the large amount of data inundating the onboard computer

from its sensors, which is beyond the real-time processing capabilities of current AV models. The onboard computer

equipped by the AVs, which is required to operate in real- time, has the onus of perceiving the environment surrounding

the AV, processing the incoming information, and making the most apt decisions to ensure the safe operations of the ego

vehicle. 
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1. Autonomous Vehicles

The ongoing developments in autonomous driving prompted the Society of Automotive Engineers (SAE) to define six

levels of driving automation . The real challenge starts with level 3 conditional automation, where the driver’s attention is

only called to respond to emergencies, whereas, during normal driving conditions, the human is not required to control the

vehicle. Automated driving systems (ADS), in general, have their restrictions, defined as operational design domain (ODD)

. Human supervision is not required for levels 4 and 5 of automation. The only difference is that level 4 is active in some

ODDs since it needs the support of detailed maps and the existence of certain types of infrastructures. If these conditions

are unmet, the vehicles automatically park themselves to stop the trip as a part of a fail-safe system . On the other hand,

level 5 is designed to have full automation without any human intervention.

Currently, some AV models indeed operate on level 4 autonomous driving . However, due to the lack of adequate

infrastructure and supporting legislation, their deployment has been restricted to a few small regions with urban

environments with a speed limit of only 50 kph . Such regulations prompted these models to be used primarily for

ridesharing purposes. WAYMO, NAVYA, and Magna are among the presently available level 4 AVs . Numerous

companies, including Audi, Uber, WAYMO, and Tesla, have openly acknowledged their ongoing efforts to test level 5

autonomous vehicles for future public use. However, no level 5 autonomous vehicle has been released for commercial

use .

Several challenges impede the realization and deployment of fully autonomous vehicles. Such challenges include

technological, safety, ethical, and political aspects . A significant technological hurdle arises from the immense data

influx into the AV’s onboard computer, primarily from sensors like LiDAR, which complicates real-time data processing and

subsequently impacts the vehicle’s efficiency and safety. The literature shows that leveraging parallel computations is a

highly effective strategy for addressing real-time processing challenges associated with large datasets. For instance, 

developed an optimized algorithm using the OpenMP technology to expedite the processing time of determining the

position of the LiDAR by eight times. This is especially relevant as computing system architectures are currently

experiencing substantial advancements and are positioned to become even more sophisticated in the future .

The concept of vehicle-to-anything communication (V2X) also holds promise as a solution to this challenge, especially

since it has seen rapid advancements in recent years. For instance, in , smart nodes were designed to help optimize

communications of the vehicles with the infrastructure by learning the environment with its variable scenarios and

predicting the optimal minimum contention window (MCW) by training DQN models. Nevertheless, the current

infrastructure cannot support this technology yet, and existing networks lack the robustness needed to support the

anticipated high volume of data exchange . Additionally, safeguarding the privacy of the extensive data collected by AVs

is a vital concern .

Furthermore, the correct and timely response to the surprising loss of control incidents like skidding is not on par with

human reactions . Uncrewed autonomous vehicles face a significant challenge in matching or improving upon human
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factors, such as ethical decision making on the road. While these vehicles excel at following traffic rules and safe

navigation, they lack the “human touch” needed to make moral decisions in complex situations that involve human

emotions, morals, and judgment . This lack raises concerns about potential biases in the algorithms or AI used in AVs ,

especially when it is believed that the public will switch from crewed to uncrewed vehicles only after they understand the

ethical principles that the AVs follow . A different facet that impedes the progress of AVs is the current policies and

regulations. Liability, in particular, emerges as a pivotal concern for the widespread adoption of AVs. Currently, drivers are

typically liable for any car-involved collisions . However, determining the primary responsible party becomes rather

unclear in the context of accidents involving uncrewed vehicles .

2. AV Simulations on LiDAR Data

Achieving a meticulous replication of the intricate physical road infrastructure and an exacting simulation of the physics

involved in sensing processes is key to bridging the substantial divide between theoretical simulations and real-world

applications . Closing this gap not only refines the development of AV technologies but also augments their reliability,

safety, and efficiency. Broadly speaking, LiDAR data can either be real or synthetic, and it is worth noting that the use of

synthetic LiDAR data in simulations is yet to be on par with the use of realistic data as they were shown to have lesser

accuracies in capturing the intricacies of the real-world environment and were generally not as diverse .

Neuhaus et al.  utilized the 3D point cloud data captured by the Velodyne HDL-64E LiDAR sensor in assessing

autonomous navigations in unstructured environments. Drivable areas were analyzed using an innovative algorithm that

evaluates local terrain roughness, enhancing the precision of autonomous vehicle path planning. Furthermore,

Manivasagam et al.  leveraged real data collected by their self-driving fleet in diverse cities to enhance simulation

realism. They curated an extensive catalog of 3D static maps and dynamic objects from real-world situations to devise an

innovative simulator that integrates physics-based and learning-based approaches. Li et al.  proposed augmented

autonomous driving simulation (AADS) by combining LiDAR and cameras to scan real street scenes. In contrast to

traditional approaches, their method offers more scalability and realism. Likewise, Fang et al.  utilized MLS data to

create a virtual environment that can directly reflect the complexity and diversity of the real-world geometry. Then, by

applying CAD models to capture the obstacles’ poses, such information was incorporated into the virtual environment to

enrich it and enhance the AV simulations. This method demonstrated that a combination of real and simulated data can

attain over 95% accuracy in the simulations.

Contrastively, several other works have used synthetic LiDAR data in their AV simulations since they do not require the

same heavy manual annotation work as the scanned LiDAR data. Hence, they promise to streamline and increase the

efficiency of AV simulations . For instance, the authors in  extracted their synthetic LiDAR annotated datasets from

the famous computer game GTA-V, where they simulated a virtual scanning vehicle within the game’s environment to

capture realistic driving scenes. On the other hand, Wang et al.  developed a framework that simulated LiDAR sensors

in the CARLA  autonomous urban driving simulator to generate synthetic LiDAR data. Their approach was inspired by

the notable achievements of deep learning in 3D data analysis. This method demonstrated that incorporating synthetic

data significantly improves the performance and accuracy of AVs in simulation environments.

3. Quantifying the Complexity of the AV Environment

The onboard computer equipped by the AVs, which is required to operate in real- time, has the onus of perceiving the

environment surrounding the AV, processing the incoming information, and making the most apt decisions to ensure the

safe operations of the ego vehicle. The traffic environment poses a big challenge for autonomous systems as they are

typically open, non-deterministic, hard to predict, and dynamic . Identifying the complex situations is essential in

advancing AVs’ safety, which would expedite their mass adoption.

Wang et al.  proposed a modeling and assessment framework that can quantify the complexity of the AV’s environment.

Their approach involved establishing fundamental and additional environmental complexity models that systematically

evaluate four key environmental aspects: road conditions, traffic features, weather conditions, and potential interferences.

Based on experts’ judgment, the overall environment complexity can be calculated using a preset scoring system for the

different environment features. The analytic hierarchy method (AHM) determines the relation between different attributes.

A weighting scheme based on subjective and objective considerations is implemented to calculate the overall complexity

of the environment. A similar, automated framework that bases its measured complexity on the road type, scene type,

challenging conditions, and traffic elements was developed by Wang et al. . Traffic elements focus exclusively on

vehicles, considering a maximum of the closest eight neighboring vehicles. Using both LiDAR point clouds and image

data, the proposed framework was validated using three experiments that modeled different road and traffic conditions.

[5] [5]

[10]

[11]

[12]

[13]

[14]

[15]

[13]

[16]

[17]

[16] [18]

[19]

[20]

[21]

[22]

[23]



Gravity models were proposed by  to assess the complexity of the surrounding environment, where the level of driving

complexity was measured as the extra cognitive burdens exerted by the traffic environment on the drivers. That said, the

proposed method could not directly obtain the complexity values, and many relevant parameters were miscalibrated in the

calculations. Following the same concept, Yang et al.  divided the environment into static and dynamic elements to

develop their environment complexity model. The static features were studied using the grey relation analysis. At the

same time, the complexity of the dynamic elements was quantified based on the improved gravitation model, adding an

extra explanatory variable into the function to explain the degree of contribution of the driving strategy.

Focusing on the dynamic traffic elements only, ref.  proposed a framework that captured the objective human drivers’

judgment on the complexity of the driving environment. In this method, the complexity of the environment was defined

based on the interactions of the ego vehicle with the vehicles surrounding it. Applying this framework to three case studies

involving different road maneuvers showed that the produced complexity curves managed to quantify and time the

changes in environmental complexity. One drawback to this method is its inability to describe the static environment

complexity.

Multiple researchers utilized the potential field theory in their models. A highway potential field function was proposed by

Wolf et al.  to aid the AV’s obstacle avoidance system. Wang et al. , on the other hand, proposed three different

fields (moving objects, road environment, and driver characteristics). Similarly, Cheng et al.  based their environmental

complexity evaluation model on the potential field theory. The environment elements are represented by a positive point

charge or uniformly charged wires that create a potential field in their vicinity. The total potential field of a certain

environment can be calculated by superimposing individual fields. The virtual electric quantity of the different environment

elements is calibrated using the AHM, where non-motorized vehicles have the highest values and static traffic elements

like lane markings have the lowest values. This method was verified on virtual and real traffic scenarios and showed

comparable results with expert scoring.
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