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Abstract: The integration of advanced image analysis using artificial intelligence (AI) is pivotal for the
evolution of autonomous vehicles (AVs). This article provides a thorough review of the most significant
datasets and the latest state-of-the-art Al solutions employed in image analysis for AVs. Datasets such as
Cityscapes, NuScenes, and CARLA form the benchmarks for training and evaluating different Al models, with
unique characteristics catering to various aspects of autonomous driving. Key Al methodologies, including
Convolutional Neural Networks (CNNs), Recurrent Neural Networks (RNNs), Transformer models, and
Generative Adversarial Networks (GANSs), are discussed. The article also presents a comparative analysis of
various Al techniques in real-world scenarios, focusing on semantic image segmentation, 3D object detection,
and vehicle control in virtual environments. Simultaneously, the role of multisensor datasets and simulation
platforms like AirSim, TORCS, and SUMMIT in enriching the training data and testing environments for AVs is
highlighted. By synthesizing information on datasets, Al solutions, and comparative performance evaluations, the
article serves as a crucial resource for researchers, developers, and industry stakeholders. Offering a clear view of the
current landscape and future directions in autonomous vehicle image analysis technologies.
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1. Introduction

Environmental image analysis is pivotal in the realm of autonomous vehicle development and
operation, serving as the cornerstone of their perception and decision-making capabilities. Accurate
and real-time image analysis allows these vehicles to interpret their surroundings effectively,
facilitating safe and efficient navigation. Autonomous vehicles, i.e. cars [1-3], ships [4,5], underwater
vehicles [6-8], unmanned aerial vehicles (UAVs) [9-11] or robots [12,13] employ an array of sensors,
including cameras, LiDAR, and radar, to capture detailed images and environmental information
[4,10,11,14,15]. These images undergo sophisticated processing through algorithms and machine
learning techniques [16,17] to detect, classify, and track objects such as pedestrians, cyclists, other
vehicles, traffic signs, and lane markings.

Autonomous vehicles are categorized into different levels of automation as defined by the
Society of Automotive Engineers (SAE)(Figure 1), ranging from level 0 (no automation) to level 5 (full
automation) [18]. Higher levels indicate increased system independence and decreased human
intervention, primarily driven by advancements in image analysis technology. At level 0, image
analysis is not used and the driver is responsible for all aspects of driving. In Levels 1 (Driver
Assistance) and 2 (Partial Automation), image analysis becomes more critical, managing tasks such
as adaptive cruise control and lane-keeping assistance and semi-automated features like auto-
steering and traffic-aware cruise control, respectively. Level 3 (Conditional Automation) marks a
significant shift where vehicles can take full control under certain conditions, heavily relying on high-
definition cameras and advanced algorithms for monitoring the environment and detecting objects.
Level 4 (High Automation) vehicles operate without human intervention in most scenarios,
necessitating robust image analysis systems that integrate visual data with inputs from other sensors
such as LiDAR and radar. Finally, Level 5 (Full Automation) epitomizes vehicle autonomy, with the
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vehicle handling all driving aspects in any condition without human oversight, requiring image
analysis capabilities surpassing human abilities for interpreting visual information and making

instantaneous decisions.
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The significance of image analysis spans all autonomy levels, enhancing situational awareness,
safety and redundancy, complex decision-making, adaptability, precise mapping and localization,
and ultimately supporting the regulatory and social acceptance of autonomous systems.

Image analysis techniques in autonomous vehicles are employed across various facets. For
example, computer vision analysis is crucial for vehicular safety applications, including collision
avoidance and 3D map building [19,20]. Real-time image processing methods are designed for road
detection, obstacle recognition, traffic light detection or even number plate recognition [21-23]. Road
detection techniques utilize similarity analysis and structural similarity index analysis to identify
road surfaces in grid image areas [24]. Object detection and tracking remain challenging tasks, with
image classification algorithms such as CNNs playing a pivotal role in steering the vehicle [25-27].

Environmental image analysis is essential for numerous reasons. Primarily, it ensures safety by
enabling vehicles to recognize and respond to dynamic and static objects in their path, thus
preventing collisions. It enhances situational awareness, allowing vehicles to make informed
decisions regarding speed, direction, and maneuvering based on the current context, such as traffic
conditions and road layout.

Additionally, image analysis is crucial for the vehicle's adaptability to changing environmental
conditions. It helps in identifying and differentiating between various surfaces and obstacles, even
under adverse conditions such as poor lighting, inclement weather, or complex urban landscapes.
Such adaptability is critical for the reliable operation of autonomous vehicles across diverse real-
world environments.

Moreover, environmental image analysis improves the efficiency of autonomous vehicles by
enabling accurate environmental mapping and behavior prediction of other road users. This
capability optimizes routes, reduces travel time, and enhances fuel efficiency.

Continuous advancements in image processing technologies and artificial intelligence are
propelling the evolution of autonomous vehicles. Improvements in deep learning algorithms and
computational power yield more precise and rapid image analysis, enhancing the performance and
reliability of autonomous driving systems.

In summary, environmental image analysis is integral to the functionality and progression of
autonomous vehicles. It underpins the vehicle's ability to accurately perceive its surroundings,
ensuring safety, enhancing situational awareness, providing adaptability to diverse conditions, and
improving operational efficiency. As technology evolves, the role of image analysis in autonomous
vehicles will continue to grow, fostering safer and more efficient transportation solutions.
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2. Aims of the Article

The primary aim of this article is to provide a comprehensive overview of the available datasets
and the latest artificial intelligence (AI) solutions utilized for image analysis in the context of
autonomous vehicles. This encompasses a detailed survey of the most significant and widely-used
datasets that serve as benchmarks for training and evaluating Al models, such as Cityscapes [28],
NuScenes [29], and CARLA [30]. Each dataset's unique characteristics, including the diversity of
scenarios, sensor configurations, and annotation quality, will be explored to underscore their
relevance and applicability to different aspects of autonomous driving.

Simultaneously, the article aims to illuminate the cutting-edge Al technologies that drive
advancements in image analysis. It will delve into the intricacies of state-of-the-art deep learning
architectures, including but not limited to Convolutional Neural Networks (CNNs), Recurrent
Neural Networks (RNNs), Transformer models, and Generative Adversarial Networks (GANSs).
There will also be new approaches that use less intuitive approaches, such as deep neural models
inspired by the PID controller [31]. The exploration will cover recent breakthroughs in these domains,
such as innovations in transfer learning, multitask learning, and unsupervised learning methodologies.
By analyzing the latest research findings and technological developments, the article will highlight how
these Al solutions enhance the environmental perception capabilities of autonomous vehicles, facilitating
tasks like semantic segmentation, 3d object detection and trajectory prediction.

Ultimately, by synthesizing information on both datasets and Al solutions, the article aims to
provide a valuable resource for researchers, developers, and industry stakeholders, offering insights
into the current landscape and future directions of image analysis in autonomous vehicle technology.

The second purpose of this article is to conduct a comparative analysis of the effectiveness and
application of various Al techniques in real-world scenarios, with a particular focus on three critical
tasks: semantic image segmentation, 3D object detection in video, and vehicle control in virtual
environments. This involves detailed examination of how different Al methodologies perform across
these key functions, which are essential for the robust operation of autonomous vehicles.

For semantic image segmentation, several deep learning models have been compared, including
VLTSeg [32], PIDNet [31], Semantic Flow [33], and Rethinking Dilated Convolution [34]. The
comparison will consider metrics such as the average intersection across the Union (mloU) and the
models' performance in terms of processing speed, measured by frames per second (fps). These
evaluations were conducted to find a balance between accuracy and performance.

In the domain of 3D object detection in video, the article will compare approaches such as EA-
LSS, CenterPoint, and other state-of-the-art networks. These techniques will be assessed on their
ability to accurately detect and localize objects in three-dimensional space. Factors such as detection
range, precision, robustness, and scalability will be examined to determine the best-suited techniques
for practical deployment.

For vehicle control in virtual environments, attention will be given to reinforcement learning
algorithms and simulation-based decision-making frameworks. The article will analyze how
algorithms like ReasonNet [35], InterFuser [36], TCP [37] and others that have achieved leading
results in selected tests. Success metrics will include the systems' learning efficiency, driving score,
route completion and infraction penalty.

By integrating empirical data from simulations and field trials, the article will provide a
comprehensive comparison of these Al techniques, identifying their strengths, weaknesses, and
suitability for various applications in autonomous driving. This insight aims to inform ongoing
research and development, guiding the implementation of the most effective Al strategies to enhance
the performance and reliability of autonomous vehicles in real-world scenarios.

3. Al in Autonomous Vehicles

Research on image analysis for autonomous vehicles is a vibrant and rapidly evolving field that
encompasses numerous interdisciplinary areas, including computer vision, machine learning, sensor
fusion, and robotics. Existing literature and publications cover a wide range of topics, from algorithm
development to practical applications and system validation. Object detection and classification are
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fundamental tasks for autonomous vehicles, enabling the identification of pedestrians, vehicles,
traffic signs, and other road users [38]. Notable research includes YOLO (You Only Look Once),
proposed by Redmon et al., known for its efficiency and accuracy in real-time object detection [39-
41]. Additionally, R-CNN (Region-Based Convolutional Neural Networks) [42], developed by Ross
Girshick and colleagues, integrates region proposal networks with deep learning, significantly
improving detection performance. Semantic segmentation involves classifying each pixel in an image
to understand the full scene context. Exemplary works include DeepLab developed at Google
Research, which uses deep convolutional networks and atrous convolutions for detailed spatial
hierarchies [43], and SegNet [44], proposed by Badrinarayanan et al., designed for pixel-wise
semantic segmentation while conserving memory and computational resources, making it practical
for real-time applications.

Depth estimation and stereo vision are crucial for understanding spatial relationships. Notable
advances include traditional stereo matching techniques like Semi-Global Matching (SGM) [45] by
Hirschmitiller, used in stereo vision systems for calculating depth maps, and monocular depth
estimation using deep learning by Eigen et al. [46], which significantly advance the capability to
estimate depth from single images. Sensor fusion combines data from multiple sensor types such as
cameras, LiDAR, and radar to enhance perception system robustness. Advances in deep learning for
sensor fusion are evaluated systematically in projects like KITTI [20,47], which combine visual data
from cameras with depth information from LiDAR, and end-to-end learning approaches proposed
by Chen et al. Ensuring the robustness of image analysis systems against adversarial attacks and
overall safety is a critical research area. For instance, Goodfellow et al.'s seminal paper "Explaining
and Harnessing Adversarial Examples" [48] discusses neural networks' vulnerability to small,
intentionally crafted perturbations and proposes strategies for improving robustness. Safety and
verification platforms like the CARLA [30], TORCS [49] simulators provide rigorous testing and
validation environments.

Continuous development of better image analysis algorithms and architectures is paramount.
Notable advancements include EfficientNet by the Google Brain team [50], which uses a compound
scaling method for state-of-the-art results in efficiency and accuracy, and Vision Transformers (ViTs)
that demonstrate promise in scaling and capturing long-range dependencies. Generative Adversarial
Networks (GANSs) have emerged as a powerful tool in image analysis, significantly impacting the
domain of autonomous vehicles [51]. Introduced by Ian Goodfellow and colleagues in 2014, GANs
consist of a generator network that creates realistic data samples and a discriminator network that
distinguishes between real and generated data. This adversarial training process allows GANs to
generate highly realistic images, which have various applications in image analysis for autonomous
vehicles [52-54].

GAN:Ss are used to create diverse and realistic images, augmenting training datasets for object
detection, semantic segmentation, and other tasks, thereby improving model robustness and
generalizability [55]. They also simulate a wide range of driving conditions, generating images
illustrating various weather scenarios, lighting conditions, and road environments, which allow
autonomous vehicle systems to train on a broader spectrum of scenarios without extensive real-world
data collection. GANs like SRGAN (Super-Resolution GAN) enhance the resolution of images
captured by vehicle cameras, improving clarity and detail vital for accurate object detection and scene
understanding [56]. Additionally, GANs can reduce noise in images captured under low-light or
noisy conditions, further improving image quality. Techniques such as CycleGAN enable translating
images from one domain to another (e.g., from synthetic to real-world images), crucial for training
models in simulated environments and applying them in real-world scenarios [57]. Style transfer via
GAN:Ss allows models trained on one type of imagery (e.g., daytime) to perform well in another type
(e.g., nighttime), by transferring styles between domains.

GANSs enhance the accuracy of semantic segmentation tasks. Models like SegAN combine
segmentation networks with adversarial training to achieve fine-grained results. Conditional GANs
(cGANSs) generate images conditioned on specific labels or inputs, such as generating segmented
versions of real-world driving images, which is useful for training and validating segmentation
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models [58]. GANs create highly realistic virtual driving scenarios for testing and validating
autonomous driving algorithms. They simulate rare and dangerous driving scenarios safely, such as
sudden pedestrian crossings or abrupt weather changes, enabling extensive testing without real-
world risks. GANs are employed to generate adversarial examples to test and improve the robustness
of perception systems against intentionally perturbed inputs, leading to the development of more
robust neural networks. GANs predict future frames in video sequences, aiding in understanding the
motion of objects and predicting their future positions —crucial for autonomous navigation [59]. They
can also synthesize motion from one scene into another, enhancing the vehicle’s ability to understand
dynamic environments.

In summary, the corpus of research and publications on image analysis in autonomous vehicles
is expansive, spanning various critical areas from fundamental algorithm development to practical
deployments. Addressing the ongoing challenges in image analysis through continuous research and
development is essential to advancing autonomous vehicle technology, ensuring safety, reliability,
and widespread acceptance. The integration of sophisticated Al techniques, particularly deep
learning and GANSs, continues to push the boundaries of what is possible in vehicle perception
systems, paving the way for safer and more efficient autonomous transportation.

4. Overview of Available Datasets

The development and deployment of autonomous vehicles heavily rely on vast and
comprehensive datasets to train, validate, and test their perception, decision-making, and control
systems. These datasets encompass various forms of sensor data, including images, LiDAR point
clouds, radar echoes, and GPS coordinates, capturing diverse driving environments, conditions, and
scenarios, enabling the development of robust AI models for safe and effective autonomous driving.
Image datasets are essential for tasks such as object detection, classification, semantic segmentation,
and lane detection. The most used datasets include Cityscapes for understanding urban scenes,
nuScenes for providing data for spatial object detection, and CARLA for testing models in a realistic
simulation. Radar datasets, though less common, provide valuable information on object speed and
distance, exemplified by nuScenes, which includes radar data for comprehensive perception tasks.
Multisensor datasets like Argoverse [60] offer synchronized data from cameras, LiDAR, radar, and
GPS, enhancing sensor fusion techniques. Simulated datasets from platforms like CARLA and
TORCS offer cost-effective and controlled data collection in diverse virtual environments, essential
for training, planning, and control tasks. These datasets are crucial for training AI models by
providing diverse examples, enabling rigorous validation and testing, offering standardized
benchmarks, handling edge cases, and advancing research through rapid iteration. The proliferation
of such datasets has accelerated research, demonstrated by thousands of papers (Tables 1-3) on
applications like object detection, semantic segmentation, sensor fusion, and adversarial robustness,
making datasets the cornerstone of autonomous vehicle development and innovation.

4.1. Image Collections

The Table 1 enumerates various image datasets crucial for training deep neural models in
autonomous driving. The Cityscapes dataset emerges as the most frequently cited (3,411 citations),
offering extensive semantic, instance, and pixel-level annotations across diverse classes. Other
notable datasets include Waymo (398 citations) and KITTI-360 (181 citations), which offer
comprehensive sensor data and advanced 2D/3D annotations, respectively.
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Table 1. Available image datasets that can be used to train deep neural models for implementation in
autonomous vehicles.
Name Description Cited Ref.
Cityscapes Provides semantic, instance-wise, and dense pixel annotations for 30 classes grouped 3,411 [28]
into 8 categories.
Waymo High resolution sensor data collected by Waymo Driver in various conditions. 398 [61]
KITTI-360 Popular KITTI dataset with comprehensive semantic/instance labels in 2D and 3D. 181 [47]
IDD Road scene understanding in unstructured environments dataset. 90 [62]
INTERACTION  Contains naturalistic motions of traffic participants in highly interactive scenarios. 73 [63]
SemanticPOSS 3D semantic segmentation dataset collected in Peking University. 60 [64]
WoodScape Extensive fisheye camera automotive dataset with nine tasks and 40 classes 49 [65]
annotations.
Lost and Found  Lost-cargo image sequence dataset with pixelwise annotations of obstacles and free- 47 [66]
space.
DrivingStereo Over 180k images for stereo vision, larger than KITTI Stereo dataset. 42 [67]
Fishyscapes Evaluates pixel-wise uncertainty estimates towards detecting anomalous objects. 44 [68]
ROAD Anomaly  Contains images of unusual dangers encountered by vehicles, such as animals and 44 [69]
traffic cones.
PandaSet Dataset captured with high-precision autonomous vehicle sensor kit. 39 [70]
KITTI Road Road and lane estimation benchmark. 38 [71]
Talk2Car Cross-disciplinary dataset for grounding natural language into visual space. 38 [72]
MVSEC Data collection designed for developing 3D perception algorithms for event-based 26 [73]
cameras.
KAIST Urban Raw sensor data for vehicle navigation with development tools in the ROS 19 [74]
environment.
Cityscapes 3D Extends the original Cityscapes dataset with 3D bounding box annotations for 10 [28]
vehicles.
RailSem19 Dataset for semantic rail scene understanding with images from rail vehicles. 8 [75]
RoadAnomaly21 Contains images with at least one anomalous object such as animals or unknown 8 [76]
vehicles.
EuroCity Persons Annotations of pedestrians, cyclists, and riders in urban traffic scenes from 31 cities 6 [77]
in Europe.
DOLPHINS Dataset for testing vehicle-to-everything (V2X) network in autonomous driving. 5 [78]
PSI Dataset capturing dynamic intent changes for pedestrians crossing in front of ego- 5 [79,80]
vehicles.
TICaM Dataset for vehicle interior monitoring using a wide-angle depth camera. 5 [81]
Zenseact Dataset collected over 2 years across 14 European countries with full sensor suite. 5 [82]
OoDIS Dataset for anomaly instance segmentation in autonomous driving. 4 [83]
LOOK Real-world scenarios for autonomous vehicles focusing on pedestrian interactions. 3 [84]

Datasets such as IDD and INTERACTION provide insights into road scene comprehension and
interactive traffic participant behavior. For specialized tasks, SemanticPOSS focuses on 3D semantic
segmentation, while WoodScape offers a unique fisheye camera perspective. Datasets like Lost and
Found and ROAD Anomaly are tailored for obstacle detection and anomaly identification.

Several datasets emphasize stereo vision and uncertainty estimation Fishyscapes, PandaSet and
KITTI Road supply sensor-rich data and road/lane benchmarks, respectively, while Talk2Car
facilitates natural language grounding in visuals. Other contributions include event-based data
(MVSECQ), urban navigation aids (KAIST Urban) and comprehensive 3D annotations (Cityscapes 3D).

Niche datasets such as RailSem19 and EuroCity Persons cater to rail scene understanding and
urban pedestrian detection. Emerging datasets like DOLPHINS and PSI explore V2X network testing
and pedestrian intent predictions. TICaM and Zenseact focus on vehicle interior monitoring and
extensive sensor data across Europe.
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Anomaly instance segmentation is addressed by OoDIS, while real-world interaction scenarios
are captured in LOOK (3 citations). The diversity and thematic grouping of these datasets underscore
their relevance and application in developing robust autonomous vehicle systems.

4.2. Video Stocks

Table 2 lists various video datasets used for training deep neural models in autonomous driving,
highlighting key datasets and their applications. The nuScenes dataset stands out as the most widely
cited (1,695 citations) with its comprehensive suite of 32-beam LiDAR, six cameras, and radars
providing full 360° coverage, crucial for holistic vehicle perception.

Table 2. Available video datasets that can be used to train deep neural models for implementation in
autonomous vehicles.

Name Description Cited Ref.
nuScenes Full autonomous vehicle data suite: 32-beam LiDAR, 6 cameras and radars with 1,695 [29]
complete 360° coverage.

Virtual KITTI Photo-realistic synthetic video dataset for several video understanding tasks. 124 [85]

CULane Lane detection dataset collected by cameras mounted on six different vehicles in 77 [86]
Beijing.

ApolloScape Large dataset with over 140,000 video frames from various locations in China. 68  [87]

ROAD Tests an autonomous vehicle's ability to detect road events using annotated videos. 21 [88]

V2V4Real Data collected by two vehicles equipped with multi-modal sensors driving together 17 [89]

through diverse scenarios.

TITAN 700 labeled video-clips with odometry captured from a moving vehicle in Tokyo. 12 [90]

BrnoCompSpeed Vehicles annotated with precise speed measurements from LiDAR and GPS tracks. 11 [91]

CCD Real traffic accident videos captured by dashcam with diverse annotations. 10 [92]

BLVD Large scale 5D semantics dataset collected in China's Intelligent Vehicle Proving 9 [93]
Center.

HEV-1 Dataset includes video clips of real human driving in different intersections in the San 5  [94]

Francisco Bay Area.
Ford CVaL Dataset collected by an autonomous ground vehicle testbed equipped with multiple 3 [95]
sensors, collected in Michigan.
TbV Dataset Over 1000 scenarios captured by autonomous vehicles, each log represents a continuous 2 [96]
observation of a scene around a self-driving vehicle.

Argoverse 2 Map Temporal annotations indicating map changes within 30 meters of an autonomous 1 [60]
Change vehicle.

D2CITY Large-scale collection of dashcam videos collected by vehicles on DiDi's platform. 1 [97]

DADE Sequences acquired by agents (ego vehicles) within a 5-hour time frame, totaling 990k 1 [98]
frames.

DMPD Test set contains images and pedestrian labels captured from a vehicle during a 27- 1 [99]

minute drive.
INDRA Dataset consisting of 104 videos with annotated road crossing safety labels and vehicle 1  [100]
bounding boxes.
METEOR Consists of 1000+ one-minute video clips with annotated frames and bounding boxes 1  [101]
for surrounding vehicles and traffic agents.
METU-VIREF VIRAT dataset for surveillance containing primarily people and vehicles, aligned with 1 [102]
videos from the ILSVRC dataset.

RoadTextVQA Video question answering dataset for in-vehicle conversations. 1 [103]

TLV Real-world datasets based on NuScenes and Waymo for temporal logic. 1 [104]

Vehicle-Rear Dataset for vehicle identification with high-resolution videos, including make, model, 1 [105]

color, and license plates.
IMO Contains images, stereo disparity, and vehicle labels with ground truth annotations. [106]
LISA Vehicle Dataset for vehicle detection with video sequences captured at different times and [107]
Detection varying traffic conditions.
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Other significant datasets include Virtual KITTI with its photo-realistic synthetic videos, and
CULane which focuses on lane detection through camera footage collected in Beijing. The
ApolloScape dataset, notable for its extensive collection of over 140,000 video frames, captures
diverse locations across China.

For specific driving scenarios, ROAD evaluates the ability of autonomous vehicles to recognize
road events through annotated videos. Datasets like V2V4Real encompass multi-modal sensor data
from two vehicles driving together. TITAN and BrnoCompSpeed include labeled video clips with
odometry and speed measurements, respectively.

Additionally, CCD features real traffic accident videos from dashcams, and BLVD offers a large-
scale semantic dataset from China’s Intelligent Vehicle Proving Center. The HEV-I dataset includes
real human driving clips at San Francisco intersections, while Ford CVaL provides multi-sensor data
from Michigan.

More niche datasets, such as TbV Dataset with over 1,000 autonomous vehicle scenarios and
Argoverse 2 Map Change indicating temporal map changes, serve specialized purposes. Datasets like
D2CITY, DADE, and DMPD each have minimal citations but contribute with extensive dashcam
videos and pedestrian labels.

Emerging and less-cited datasets include INDRA for road crossing safety, METEOR with
annotated traffic clips, METU-VIREEF for surveillance, and RoadTextVQA for in-vehicle conversation
question answering. TLV, Vehicle-Rear, and IMO offer enriched vehicle identification and traffic
data, albeit with very few citations.

Overall, these video datasets collectively support the development of robust autonomous
driving models, catering to various aspects such as object detection, lane marking, event recognition,
and real-world driving behavior.

4.3. Simulators

Table 3 presents various simulators designed to train deep neural models for autonomous
driving. The most widely cited simulator is CARLA (1,128 citations), offering a versatile urban
driving simulation with detailed annotations including 12 semantic classes, bounding boxes, and
vehicle measurements.

Table 3. Available simulators that can be used to train deep neural models for implementation in
autonomous vehicles.

Name Description Cited  Ref.
CARLA Simulator for urban driving with 12 semantic classes, bounding boxes, and vehicle 1,128 [30]
measurements.
AirSim Simulator for drones, cars, and more, built on Unreal Engine, with support for SIL 248 [108]
and HIL.
TORCS Driving simulator capable of simulating elements of vehicular dynamics. 91 [49]
V2X-SIM Synthetic collaborative perception dataset for autonomous driving, collected from 17 [109]
both roadside and vehicles.

SUMMIT Supports a wide range of applications including perception, control, planning, 13 [110]
and end-to-end learning.

CVRPTW Instances of the Capacitated Vehicle Routing Problem with Time Windows for 7 [111]
various customer nodes.

CARL Control suite extended with physics context features for Al training. 6 [112]

3D VTSim Dataset collected using driving simulation for accurate 3D bounding box 4 [113]

annotations.
MUAD Dataset with realistic synthetic images under diverse weather conditions, 3 [114]

annotated for multiple tasks.

SDN Navigation benchmark with trials and control streams developed to evaluate 2 [115]
dialogue moves and physical navigation actions.

MULTIROTOR-GYM Multirotor gym environment for learning control policies for UAVs.

N

[116,117]
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DEAP CITY City pollution data including daily pollutant and meteorological features, 1 [118]
alongside total vehicle mileage.
EviLOG Real-world lidar point clouds from a test vehicle with the same lidar setup as 1 [119]

simulated lidar.

AirSim, developed on Unreal Engine, supports simulation-in-the-loop (SIL) and hardware-in-
the-loop (HIL) for drones and cars, providing a valuable tool for multi-platform simulations. The
TORCS simulator is notable for simulating detailed vehicular dynamics, facilitating advanced
driving behavior analyses [120].

V2X-SIM focuses on synthetic collaborative perception, capturing data both from the roadside
and vehicles, emphasizing vehicle-to-everything (V2X) communications. SUMMIT is a versatile
simulator supporting applications across perception, control, planning, and end-to-end learning.

Other simulators include CVRPTW, which addresses the Capacitated Vehicle Routing Problem
with Time Windows, and CARL, which enhances Al training with physics context features. The 3D
VTSim provides accurate 3D bounding box annotations through simulation, supporting precise
object detection tasks.

The MUAD simulator generates realistic synthetic images under various weather conditions,
annotated for multiple tasks. SDN serves as a benchmark for navigation tasks, evaluating the
integration of dialogue and physical navigation actions. MULTIROTOR-GYM is dedicated to
learning control policies for UAVs within a gym environment.

Emerging simulators such as DEAP CITY, which includes city pollution data, and EviLOG with
real-world lidar point cloud data, extend the utility of simulators to environmental analytics and
precise sensor data simulation.

These simulators collectively offer comprehensive tools essential for advancing autonomous
driving technologies, focusing on varying aspects from control policies to environmental context and
collaborative perception.

5. Comparison of Selected AI Models

Comparative testing of various models on selected datasets is critical for evaluating and
understanding the performance of different algorithms and systems in autonomous vehicles. Such
comparisons provide insights into the strengths and weaknesses of various approaches, guiding
researchers towards more effective and robust solutions. Comparative tests on key datasets like
Cityscapes, nuScenes and CARLA offer insights into model performance across tasks like 3D object
detection, semantic segmentation, and driving proficiency in simulation conditions.

5.1. Semantic Segmentation

Semantic segmentation is the process of assigning a label to each pixel in an image so that pixels
with the same label have some common characteristics. In the case of the Cityscapes dataset, semantic
segmentation involves assigning labels (e.g. “tree”, “car”, “sidewalk”, etc.) to pixels in images of
urban scenes (Figure 2). Models glassed using data from Cityscapes generate predictions that can be

compared to benchmark data.

(a) (b)

Figure 2. An example of semantic segmentation on the Cityscapes set where: (a) Original image; (b)
ground truth image; (c) model prediction result [121].
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Table 4 presents a comparative analysis of various semantic segmentation models on the
Cityscapes dataset, evaluated in terms of mean Intersection over Union (mloU) and frames per
second (fps) on different GPUs. The analysis highlights both segmentation accuracy and real-time
performance.

Table 4. Comparison of selected models capable of semantic segmentation tested on a set of images
obtained from Cityscapes.

Model mloU Fps (GPU) Year Ref.
VLTSeg 86.4% 76(n/a) 2023 [32]
PIDNet-L 80.6% 31.1(3090) 2022 [31]
SFNet-R18 80.4% 25.7 (1080Ti) 2020 [33]
PIDNet-M 79.8% 42.2 (3090) 2022 [31]
PIDNet-S 78.6% 93.2 (3090) 2022 [31]
RegSeg 78.3% 30 (n/a) 2021 [34]
PP-LiteSeg-B2 77.5% 102.6 (1080Ti) 2022 [122]
DDRNet-23-slim 77 4% 101.6 (2080T1i) 2021 [123]
STDC2-75 76.8% 97.0 (1080Ti) 2021 [124]
U-HarDNet-70 75.9% 53 (1080T1) 2019 [125]
HyperSeg-M 75.8% 36.9(n/a) 2020 [126]
SwiftNetRN-18 75.5% 39.9(n/a) 2019 [127]
STDC1-75 75.3% 126.7(n/a) 2021 [124]
BiSeNet V2-Large 75.3% 47.3(n/a) 2021 [128]
TD4-BISE18 74.9% 47.6 (Titan X) 2020 [129]
PP-LiteSeg-T2 74.9% 143.6 (1080T1) 2022 [122]

The VLTSeg model, achieving the highest mloU of 86.4%, leverages visual language
representations from the CLIP framework to bridge domain gaps in semantic segmentation. By
integrating pre-trained multimodal features, VLTSeg enhances segmentation performance across
diverse environments. However, its fps data on GPU remains unspecified.

PIDNet variants (PIDNet-L, PIDNet-M, and PIDNet-S) demonstrate strong performance with
mloUs surpassing 78%, balancing accuracy and speed. Notably, PIDNet-S achieves 93.2 fps on an
Nvidia RTX 3090. PIDNet's architecture, inspired by Proportional-Integral-Derivative (PID)
controllers, integrates distinct branches to enhance feature extraction and aggregation, optimizing
both spatial detail preservation and contextual information assimilation for real-time applications.

SFNet-R18 achieves an mloU of 80.4% with 25.7 fps on a 1080Ti GPU, utilizing a flow-guided
feature aggregation mechanism that combines local and global contexts to improve segment
coherence and inference speed. RegSeg mirrors SFNet-R18’s performance (78.3% mloU, 25.7 fps on
1080Ti) by optimizing dilation rates within convolutional layers, balancing receptive field
enlargement and computational efficiency to preserve fine-grained details while maintaining real-
time processing speeds.

The PP-LiteSeg model distinguishes itself with high operation speed, achieving up to 143.6 fps
on a 1080Ti GPU, while maintaining a decent mloU range (74.9%-77.5%). It utilizes an efficient
backbone and a lightweight decoder to enhance both segmentation accuracy and processing speed.
Similarly, DDRNet-23-slim (77.4% mloU, 101.6 fps on 2080Ti) employs a dual-resolution strategy to
optimize spatial precision and contextual understanding.

STDC2-75 (76.8% mloU, 97.0 fps on 1080Ti) and STDC1-75 (75.3% mloU, 126.7 fps) models
integrate a dual-branch design, balancing spatial detail retention and contextual information
assimilation. HarDNet (75.9% mloU, 53 fps on 1080Ti) utilizes a decomposed network structure and
strategically spaced shortcut connections to reduce memory access costs while maintaining
computational efficiency. HyperSeg (75.8% mloU, 36.9 fps) employs a patch-wise hypernetwork
approach for dynamically generating lightweight, patch-specific segmentation models.

d0i:10.20944/preprints202407.1857.v1
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BiSeNet V2-Large (75.3% mloU, 47.3 fps) introduces a bilateral network architecture with guided
aggregation to balance spatial precision and contextual understanding, while TD4-BISE18 (74.9%
mloU, 47.6 fps on Titan X) captures temporal dependencies through a mechanism that distributes
computation across frames, reducing redundant processing.

In conclusion, while models like VLTSeg and PIDNet variants excel in segmentation accuracy,
others such as PP-LiteSeg and STDC prioritize real-time performance, making them suitable for
applications requiring rapid processing speeds. Each model employs unique innovations to achieve
high performance with minimal hardware resources, demonstrating the diverse approaches to
efficient semantic segmentation.

5.2. 3D Objects Detection

Detection of 3D objects on the nuScenes set involves identifying and locating objects in three-
dimensional space based on data from cameras (Figure 3). In this task, algorithms analyze images
from cameras and then detect and describe objects such as vehicles, pedestrians and road signs.

Figure 3. Sample of NuScenes labels. Objects on a single image are colored in orange, while those on

two consecutive cameras are shown in yellow [130].

The performance of various 3D object detection models evaluated on the nuScenes dataset is
presented in Table 5. The models are compared based on several metrics: NDS (NuScenes Detection
Score), mAP (mean Average Precision), mATE (mean Average Translation Error), mASE (mean
Average Scale Error), mAOE (mean Average Orientation Error), mAVE (mean Average Velocity
Error), mAAE (mean Average Attribute Error), along with the year of publication and reference.

Table 5. Comparison of selected models capable of detecting 3D objects tested on the nuScenes video set.

Model NDS mAP mATE mASE mAOE mAVE mAAE Year Ref.
EA-LSS 078 0.77 0.23 0.21 0.28 0.20 0.12 2023 [131
BEVFusion-e 0.76  0.75 0.24 0.23 0.32 0.22 0.13 2022 [132
FocalFormer3D-F 0.75 0.72 0.25 0.24 0.33 0.23 0.13 2023 [133
UniTR 0.75 071 0.24 0.23 0.26 0.24 0.13 2023 [134

FocalFormer3D-TTA 0.74 0.71 0.24 0.24 0.32 0.20 0.13 2023 [133
3D Dual-Fusion_T 073 071 0.26 0.24 0.33 0.27 0.13 2022 [135
FocalFormer3D-L 0.73  0.69 0.25 0.24 0.34 0.22 0.13 2023 [133

MGTANet 073  0.67 0.25 0.23 0.31 0.19 0.12 2022 [136
CenterPoint 071  0.67 0.25 0.24 0.35 0.25 0.14 2020 [137
SSN 0.62 0.51 0.34 0.24 0.43 0.27 0.09 2020 [138

The EA-LSS model demonstrates the highest performance with NDS 0.78 and mAP 0.77,
showcasing commendable results across all metrics and introducing an edge-aware framework for
enhanced object boundary delineation and spatial accuracy in 3D Bird's Eye View (BEV) contexts.
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Other notable models include BEVFusion, which integrates multi-sensor data into a unified BEV
representation to support concurrent tasks such as detection, segmentation, and tracking.
FocalFormer3D employs a targeted mechanism to prioritize challenging instances within the 3D
space, leveraging focal attention combined with transformer networks for improved detection
accuracy in complex environments. UniTR presents a unified transformer framework for multi-
modal BEV representation, efficiently fusing data from LiDAR and cameras to produce
comprehensive outputs.

The 3D Dual-Fusion model enhances detection through a dual-query fusion approach,
integrating both camera and LiDAR data to leverage the strengths of each sensor type. MGTANet
incorporates a Long Short-Term Motion-Guided Temporal Attention mechanism to improve the
detection of moving objects by encoding sequential LiDAR points. CenterPoint focuses on center-
based 3D detection and tracking to simplify object localization and association across frames. Lastly,
SSN uses shape signatures to encode geometric features for robust multi-class object detection from
point clouds.

These models collectively contribute to advancements in 3D object detection by addressing a
range of challenges through innovative frameworks and mechanisms tailored to enhance precision,
recall, and overall detection performance.

5.3. Results on the CARLA platform

CARLA Leaderboard 1.0 is an earlier version of the platform for assessing autonomous driving
algorithms in the CARLA simulator, characterized by photorealistic graphics (Figure 4). She
evaluated algorithms based on simpler scenarios. In turn, CARLA Leaderboard 2.0 is the latest
version, introducing more complex scenarios, such as door opening maneuvers or giving way to
emergency vehicles. Leaderboard 2.0 also supports more sensors, including 8 RGB cameras, 2 LIDAR
scanners and 4 radars.

(b)

Figure 4. Examples of images from the CARLA simulator: (a) street view; (b) view from the car's

perspective.

Tables 6 and 7 present the performance of leading deep neural models on the CARLA
Leaderboard tasks 1.0 and 2.0 respectively, with metrics including Driving Score, Route Completion,
and Infraction penalty/score.

Table 6. Performance of leading deep neural models on the CARLA Leaderboard 1.0 task.

Model Driving Route‘ Infraction Year Ref.

Score Completion penalty
ReasonNet 79.95 89.89 0.89 2022 [35]
InterFuser 76.18 88.23 0.84 2022 [36]
TGCP 75.14 85.63 0.87 2022 [37]
LAV 61.84 94.46 0.64 2022 [139]
TransFuser 61.18 86.70 0.71 2022 [140]
TransFuser(Reproduced) 55.04 89.65 0.63 2022 [140]
TGCP(Reproduced) 47.91 65.73 0.77 2023 [37]

Latent TransFuser 45.20 66.31 0.72 2022 [140]
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ReasonNet achieves the highest Driving Score (79.95) and Route Completion (89.89), indicating
superior overall performance. ReasonNet's end-to-end framework integrates temporal and global
reasoning to capture dynamic environmental changes and understand scene context
comprehensively.

LAV demonstrates the highest Route Completion score (94.46) and the lowest Infraction Penalty
(0.64), highlighting its efficiency in route completion and safety. LAV's approach aggregates data
from multiple vehicles to develop robust models capable of handling diverse driving scenarios.

Interpretable Sensor Fusion Transformer integrates data from multiple sensors, offering
improved interpretability and analysis of the fused information.

Trajectory-guided Control Prediction (TCP) utilizes predicted trajectories for control decisions,
effectively bridging perception and action planning.

Hidden Biases of End-to-End Driving Models examines biases in autonomous driving systems,
revealing how training data and model architecture may influence decision-making.

TransFuser Models employ transformer-based frameworks for sensor fusion, enhancing
decision-making through the integration of multi-modal sensor data.

Table 7. Performance of leading deep neural models on the CARLA Leaderboard 2.0 task.

Model Driving Score Route Completion Infraction Score Year Ref.
CarLLaVA 6.87 18.08 0.42 2024 [141]
CarLLaVA(Map Track) 6.25 18.89 0.39 2024 [141]
TF++(Map Track) 5.56 11.82 0.47 2024 [142]
TF++ 5.18 11.34 0.48 2024 [142]

In Table 7 the CarLLaVA achieves the highest Driving Score (6.87) and a commendable Route
Completion score (18.08), with a low Infraction Score (0.42). It leverages a vision-language model for
camera-only autonomous driving, integrating visual and linguistic data for advanced decision-making.

CarLLaVA (Map Track) excels with the highest Route Completion score (18.89) and the lowest
Infraction Score (0.39), making it exceptionally robust in route execution and safety.

TF++ model focuses on uncovering and mitigating biases within autonomous driving systems
by integrating bias detection mechanisms with transformer architectures, ensuring more reliable and
equitable driving decisions across varied conditions.

The comparative analysis reveals that models like ReasonNet and LAV from CARLA
Leaderboard 1.0 demonstrate high overall performance and route completion efficiency, respectively.
For CARLA Leaderboard 2.0, CarLLaVA and its Map Track variation stand out for their advanced
route completion and low infraction rates. Advances such as the Interpretable Sensor Fusion
Transformer, TCP framework, and initiatives addressing hidden biases highlight ongoing efforts to
enhance the robustness and reliability of autonomous driving systems. These models and
methodologies collectively contribute to the progress in achieving more efficient and safer
autonomous driving solutions.

6. Discussion, Limitations and Future Research Trends

6.1. Discussion

The convergence of image analysis technology and autonomous vehicles (AVs) is catalyzing
profound advancements in self-driving capabilities. This paper has elucidated a spectrum of
innovative Al methodologies, namely Convolutional Neural Networks (CNNs), Recurrent Neural
Networks (RNNs), Generative Adversarial Networks (GANSs), and transformer models, illuminating
their extensive use in the perception systems of AVs. These models have showcased remarkable
proficiency in tasks such as semantic segmentation, 3D object detection, and trajectory prediction,
thereby enhancing the decision-making abilities of AVs.

However, while CNNs and their variants remain pivotal in image analysis due to their
robustness in feature extraction, transformer models present a significant leap forward by offering a
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more integrated approach to multi-sensor data fusion. GANs and other novel architectures like the
dual-query fusion approach further advance capabilities in object detection by leveraging the
complementary strengths of LiDAR and camera data. The empirical results from benchmarks,
especially datasets like Cityscapes, nuScenes, and CARLA, validate these technologies' efficacy in
diverse and challenging driving scenarios.

In comparing various models, VLTSeg and PIDNet were shown to be exemplary in maintaining
a balance between accuracy and performance. In 3D detection, EA-LSS, BEVFusion, and CenterPoint
exhibited significant promise by integrating multi-modal data and enhancing object boundary
delineation and spatial accuracy. For vehicle control in virtual environments, ReasonNet and
CarLLaVA demonstrated high route completion efficiency and low infraction rates, attributed to their
integration of visual and language data for decision-making processes.

6.2. Limitations

Despite these advances, several limitations remain impeding the full realization of autonomous
driving;:
1. Annotated datasets

While expansive datasets like Cityscapes and nuScenes render robust model training, the
necessity for substantial human annotation remains a bottleneck. Data labels must be precise,

consistent, and extensive to ensure comprehensive model training, yet the manual effort required is
both time-consuming and expensive.

2. Generalization

Models trained on specific datasets often struggle to generalize effectively across different
environments and conditions. Differences in weather, road conditions, and regions can impact the
performance of perception systems, necessitating continual data collection and model retraining.

3. Real-time processing

Achieving high processing speeds without compromising detection and classification accuracy
is a challenging trade-off. This becomes critical in real-time applications where latency must be
minimized to ensure safety and reliability.

4. Biases in Al models

The models may inadvertently incorporate biases from training datasets, resulting in systemic
prejudices that can affect decision-making. Therefore, identifying and mitigating these biases remains
a significant challenge.

6.3. Future Research Trends

1. Advanced data collection and annotation

The development of semi-automated and fully automated annotation tools could alleviate the
cumbersome data labeling process. Techniques like weak supervision and active learning can
substantially reduce human effort while enhancing the quality and diversity of training datasets.

2. Domain adaptation and generalization

Future research could focus on developing models that generalize better across diverse
environments. Domain adaptation techniques and unsupervised learning approaches could improve
the robustness of AI models, enabling them to perform consistently in varying real-world scenarios.

3. Real-time processing enhancements

Optimizing network architectures to balance accuracy with processing speed will be crucial.
Leveraging hardware advancements alongside software optimizations can lead to significant
improvements in the real-time application of these models.
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4. Mitigating Al biases

Developing techniques to identify, quantify, and mitigate biases within datasets and AI models
will be an essential area of future research. Enhancing the transparency and interpretability of Al
models can lead to more equitable and trustworthy machine learning systems.

5. Integration of novel sensor data

Expanding the use of multimodal sensors, including radar and advanced LiDAR systems,
coupled with innovative data fusion algorithms, can enhance the perception capabilities.
Collaborative perception and V2X (Vehicle-to-Everything) communication technologies represent
promising avenues for research.

6. Simulation and virtual environments

Refining simulation tools like CARLA and integrating them with real-world data can create
more effective and versatile training systems for autonomous vehicles. These simulators will be
critical for validating algorithms under varied and controlled conditions.

7. Human-machine interaction

Improving the interface between human operators and autonomous systems can enhance safety
and trust. Research focusing on intuitive control mechanisms and fail-safe protocols is essential to
ensure effective human intervention when necessary.

In summary, while substantial progress has been made in leveraging Al for image analysis in
autonomous vehicles, ongoing research and innovation are required to overcome existing limitations
and pave the way for more advanced, reliable, and safe autonomous driving systems.

7. Conclusions

The integration of advanced Al methodologies within the perception systems of AVs has driven
significant progress in the realm of self-driving technology. This paper has extensively reviewed
foundational and state-of-the-art models such as Convolutional Neural Networks (CNNs), Recurrent
Neural Networks (RNNSs), Generative Adversarial Networks (GANSs), and transformer models.
These models exhibit remarkable capabilities across various critical tasks, including semantic
segmentation, 3D object detection, and trajectory prediction, thereby substantially elevating the
decision-making efficacy of AVs.

Among these methodologies, CNNs continue to play a crucial role due to their robustness in
feature extraction. However, transformer models have emerged as a pivotal advancement, offering
superior data fusion capabilities and showing promise in integrating multi-sensor data. GANS,
alongside novel dual-query fusion approaches, are pushing boundaries further by effectively
combining LiDAR and camera data to enhance object detection accuracy and spatial precision.
Empirical validations using benchmarks such as Cityscapes, nuScenes, and CARLA underline the
effectiveness of these methodologies across a spectrum of driving scenarios and conditions. Models
such as VLTSeg and PIDNet stand out for their balance of accuracy and performance in image
segmentation, while EA-LSS, BEVFusion, and CenterPoint demonstrate significant potential in 3D
detection tasks. Furthermore, ReasonNet and CarLLaVA have shown high efficacy in vehicle control
within virtual environments by integrating visual and language data, leading to improved route
completion and lower infraction rates.

In conclusion, while remarkable strides have been made in the application of Al for image
analysis in autonomous vehicles, ongoing research and development are imperative for overcoming
current barriers. Such continuous innovation will pave the way for more advanced, reliable, and safe
autonomous driving systems, ultimately bringing us closer to a future where fully autonomous
vehicles are an integral part of everyday life.
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