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(Abstract—Advanced Driver Assistance Systems (ADAS) use cameras, radar, LiDAR, ultrasonic sensors and artificial
intelligence to monitor a vehicle's surroundings and help drivers avoid crashes. Features such as automatic
emergency braking, lane departure warning and lane keeping, adaptive cruise control, blind-spot detection,
parking assistance and collision avoidance form the building blocks of vehicle automation, which ranges from
basic assistance to highly automated driving. This paper reviews the role of Al in ADAS and vehicle automation.
It explains the levels of driving automation, the sensor suite and its trade-offs, and the Al techniques used for
lane detection, object detection on camera images and LiDAR point clouds, bird's-eye-view perception and multi-
sensor fusion. Evidence on the safety benefits of ADAS features is discussed, together with the difficulty of
demonstrating the reliability of highly automated systems. Safety and security engineering, including functional
safety, safety of the intended functionality, cybersecurity standards and adversarial attacks on perception, are
examined. A layered ADAS architecture covering sensing, perception, fusion and prediction, planning and
decision, and control and human-machine interface is proposed, with research gaps, objectives and a comparison
of sensors. The review concludes that Al-driven ADAS can greatly reduce road accidents, provided that cost,
adverse weather, processing demands and cyber-physical security are addressed.

Index Terms—Advanced driver assistance systems, vehicle automation, autonomous driving, sensor fusion,
\LiDAR, object detection, automatic emergency braking, automotive safety
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I. INTRODUCTION
1. Motivation

Most road crashes involve human error, such as
distraction, fatigue, misjudgement or delayed reaction.
ADAS aim to compensate for these limitations by
continuously watching the road and either warning the
driver or intervening automatically. Over the past
decade, features that were once limited to luxury cars,
such as automatic emergency braking and adaptive
cruise control, have become available in mass-market
vehicles, including in India where safety ratings
increasingly consider them.

Al is at the heart of modern ADAS. Deep learning
interprets camera images, detects pedestrians and
vehicles, recognizes lane markings and traffic signs, and
fuses information from several sensors. As automation
increases, Al also predicts the behaviour of other road
users and plans the vehicle's actions. Yurtsever et al. [1]

review the common practices and

technologies in automated driving.

emerging

This paper reviews the working principles, components,
Al techniques, benefits and challenges of ADAS and
vehicle automation, and proposes a layered
architecture.

2. Objectives Of The Review

The objectives of this review are:

1.1 To study the working principles
components of ADAS and vehicle automation.

and

2.2) To review Al techniques for lane detection,
object detection and sensor fusion.

3.3)

4.4) To compare sensors and analyse the safety
benefits of ADAS features.

To propose a layered ADAS architecture.
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5.5)
scope.

To discuss challenges, standards and future

Il. OVERVIEW OF KEY CONCEPTS
1. Levels Of Driving Automation

SAE J3016 [2] defines Level 0 (no automation), Level 1
(assistance with steering or speed), Level 2 (combined
steering and speed control under driver supervision),
Level 3 (conditional automation), Level 4 (high
automation within defined conditions) and Level 5 (full
automation). Most ADAS on the road today operate at
Levels 1 and 2. Fig. 1 classifies common ADAS features.
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Fig. 1. Classification of ADAS features.

2. Sensor Suite

Cameras provide rich colour and texture for lane and
sign recognition but are sensitive to lighting and
weather. Radar measures distance and relative speed
reliably in rain and fog but has low resolution. LiDAR
produces accurate three-dimensional point clouds but
is costly. Ultrasonic sensors serve short-range parking
functions.

I1l. REVIEW OF EXISTING WORK

Lane detection. McCall and Trivedi [3] surveyed video-
based lane estimation and presented a robust lane
tracking system for driver assistance. Pan et al [4]
proposed Spatial CNN, which passes messages
between rows and columns of feature maps to capture
the long, thin structure of lanes, improving detection
when markings are worn or occluded.

Object detection. The KITTI benchmark [5] established
standard tasks for stereo, optical flow and 3-D object
detection from a sensor-equipped car, and nuScenes [6]
added a full 360-degree sensor suite with radar.
PointNet [7] learned directly from raw point sets, and
PointPillars [8] organized LiDAR points into vertical
columns for fast 3-D detection suitable for real-time
use.

TABLE | Summary of Literature Survey

Ref. Authors Year Technique Used Merits Demerits
[3] | McCall and 2006 | Video-based lane estimation | Robust lane tracking for | Pre-deep-learning
Trivedi and tracking driver assistance methods
[16] | Koscher et 2010 | Security analysis of a modern | Showed control of Physical access in
al. car safety-critical systems early tests
[5] | Geigeretal. | 2012 | KITTI vision benchmark Standard tasks for Limited weather and
driving perception scenes
[13] | Kalra and 2016 | Statistical analysis of AV Road testing alone is Assumes driving-
Paddock testing impractical only validation
[12] | Cicchino 2017 | Crash-data analysis of FCW Substantial reduction in | US data; specific
and AEB rear-end crashes vehicles
[4] Pan et al. 2018 | Spatial CNN for lanes Better detection of thin, | Computational cost
occluded lanes
[8] | Langetal. 2019 | PointPillars LiDAR detection Fast 3-D detection from | Requires LiDAR
point clouds
[9] | Lietal 2022 | BEVFormer camera Bird's-eye view from Heavy computation
transformer multiple cameras
[10] | Liu et al. 2023 | BEVFusion camera + LiDAR Improved multi-task Sensor calibration
fused perception needed
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Bird's-eye-view and fusion. BEVFormer [9] used
transformers to build a bird's-eye-view representation
from multiple cameras over time, and BEVFusion [10]
fused camera and LiDAR features in a shared bird's-eye
view, improving detection and map segmentation.
UniAD [11] integrated perception, prediction and
planning in one network optimized for the final driving
goal.

Safety evidence and reliability. Cicchino [12] analysed
police-reported crashes and found that forward
collision warning and automatic emergency braking
substantially reduced front-to-rear crash rates, with the
largest reduction when both were present. Kalra and
Paddock [13] showed that demonstrating the safety of
autonomous vehicles through road testing alone would
require an impractically large number of miles,
motivating simulation such as CARLA [14] and formal
safety models such as Responsibility-Sensitive Safety
[15].

Security. Koscher et al [16] demonstrated that
attackers with access to a car's internal network could
control braking and other systems, and Eykholt et al
[17] showed that small physical stickers on stop signs
can cause misclassification by deep networks. Table |
summarizes the reviewed literature.

IV. IDENTIFIED RESEARCH GAPS

The following gaps are identified:

1.1)  Perception performance degrades in heavy
rain, fog, glare and on poorly marked roads common in
India.

2.2) Datasets rarely represent mixed traffic with
two-wheelers, auto-rickshaws, pedestrians and animals.

3.3)  Growing sensor counts and model sizes strain
in-vehicle computing and software architecture.

4.4)  Validating rare, safety-critical scenarios remains
difficult despite simulation.

5.5)  Cybersecurity of connected and automated
vehicles is not yet consistently engineered.

International Journal of Science,
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V. SYSTEM ARCHITECTURE

Fig. 2 presents the proposed layered ADAS architecture,
which reflects the sense—perceive—plan-act cycle used
in vehicle automation.
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Fig. 2. Proposed layered ADAS architecture.
1. Sensing Layer

Front and surround cameras, front radar, corner radars,
optional LiDAR, ultrasonic sensors, GPS and inertial
units provide raw data, together with vehicle signals
such as speed and steering angle from the CAN bus.

2. Perception Layer

Neural networks detect lanes, vehicles, pedestrians,
cyclists, traffic signs and free space. Each sensor's
detections include position, velocity and confidence.

3. Fusion And Prediction Layer

Detections from different sensors are fused into a single
object list in a bird's-eye-view frame, tracked over time
with filters, and the future trajectories of nearby road
users are predicted.

4. Planning And Decision Layer

Feature-specific logic decides actions: maintain set
speed and gap for adaptive cruise control, apply
corrective steering for lane keeping, or warn and brake
for collision avoidance. A safety monitor enforces limits.

5. Control And Hmi Layer

Commands are sent to braking, steering and powertrain
controllers. The human-machine interface shows
warnings through displays, sounds and haptic
feedback, and ensures the driver remains aware of
system status.
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VI. IMPLEMENTATION METHODOLOGY

The automatic emergency braking workflow is shown in
Fig. 3. Time to collision with a vehicle ahead is

TTC =d/(v_ego - v_lead) @)

where d is the gap and v_ego and v_lead the speeds of
the host and lead vehicles. A warning is issued when
TTC falls below a first threshold, and autonomous
braking begins below a second, smaller threshold.
Adaptive cruise control maintains a time gap T by
targeting the distance

ddes=dy+T-v.ego (2)

where do is a standstill distance. Kalman filtering
combines noisy measurements from radar and camera
to estimate object position and velocity.
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Fig. 3. Automatic emergency braking workflow.

VIil. PERFORMANCE COMPARISON

Table Il compares the main sensors. No single sensor is

sufficient in all conditions, which is why fusion of

complementary sensors is central to reliable ADAS.
TABLE Il Comparison of ADAS Sensors

Sensor Range / Weather Cost
Accuracy Robustness
Camera Medium / rich | Low (glare, Low
detail fog)
Radar Long / good High Medium
velocity
LiDAR Medium-long Medium High
/ very accurate
3-D
Ultrasonic | Very short / High Very
coarse low

VIIl. OPEN ISSUES AND FUTURE
DIRECTIONS

Table Ill summarizes the main challenges. Future
directions include centralized vehicle computers with
software-defined architectures, vehicle-to-everything
communication that shares hazard information
between cars and infrastructure, end-to-end learned
driving with built-in safety checks, India-specific
datasets, and compliance with standards such as ISO
26262 [18] for functional safety, ISO 21448 [19] for
safety of the intended functionality and ISO/SAE 21434
[20] for cybersecurity.

Challenge Mitigation

High cost Camera-radar fusion; scale

economies

Adverse weather | Radar fusion; robust training
data

Centralized compute; efficient

Processing

demands models

Rare scenarios Simulation; scenario-based
testing

ISO/SAE 21434; secure gateways

Cyber-physical

security

TABLE Ill Challenges and Mitigation
IX. CONCLUSION

ADAS and vehicle automation are transforming road
safety. The reviewed literature shows that Al-based
perception detects lanes, vehicles and pedestrians
reliably, that sensor fusion in a bird's-eye-view space
improves robustness, and that features such as
automatic emergency braking measurably reduce
crashes. Significant challenges remain in adverse
weather, mixed traffic, processing demands, validation
of rare scenarios and cybersecurity. Addressing these
through better data, safety engineering and secure
architectures will allow ADAS to continue reducing
traffic fatalities and support the transition to smarter
and safer mobility.
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