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Executive Summary
This report has been prepared as part of the Innovate UK funded Sim4CAMSens project.

This report provides a comprehensive overview of the current and emerging landscape of automotive
perception sensors and the standards that govern their development, integration, and validation. It
explores key technologies, LiDAR, radar, and cameras, and outlines their roles in enabling Advanced Driver
Assistance Systems (ADAS) and higher levels of vehicle automation.

The document highlights:

e A mapping of international standards relevant to perception sensors and simulation, including
I1SO, SAE, ASAM, and ASTM frameworks.

e The importance of material properties in simulation environments and their impact on sensor
performance.

e Technological trends such as solid-state LiDAR, 4D radar, and event-based cameras.

e Challenges including cost, environmental robustness, data processing demands, and lack of
standardisation.

e Future directions in sensor development and simulation, with timelines extending to 2035+,
indicating a shift toward compact, cost-effective, and Al-enhanced systems.

The report is a strategic reference for stakeholders across industry, academia, and government
departments, aiming to align sensor innovation with regulatory clarity and simulation-based validation.
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1 Introduction

The automotive industry is experiencing a paradigm shift driven by advances in perception sensors,
simulation standards, and increased demand for automation and safety. These technologies are
fundamental to enabling real-time environmental understanding and decision-making in Advanced Driver
Assistance Systems (ADAS) and autonomous vehicles (AVs)Y2. This report examines the landscape of
automotive perception sensors, relevant international standards, simulation material requirements, and
future technology trends, with references to industry guidelines and roadmajps3£rror! Bookmark not defined.

2 Standards landscape

As perception technologies evolve, so too must the standards that govern their development, integration,
and validation. This section provides an overview of the international and industry-specific standards that
shape the deployment of automotive perception sensors. It includes ISO and SAE frameworks, as well as
simulation-related standards that ensure consistency, safety, and interoperability across global markets.

2.1 Standards Relating to Perception Sensors

Table 1: Perception Sensor Standards and Their Applicability

Standards Description Radar Lidar Camera
Functional safety of electrical/electronic

ISO 26262 v v v
50 2626 systems in road vehicles
ISO 21448 Safety of the Intended Functionality, addresses

v v v
(SOTIF) sensor limitations
ISO Adaptive cruise control performance

v v
15622:2018 requirements
ISO/TS
19159- Calibration and validation of LiDAR systems
2:2016
ISO/TS e —
19130-2 Image-based positioning applications
ISO Logical interface between perception sensors
23150:2023 and data fusion
ISO Parking sensors performance and test
17386:2023 procedures
ISO Camera monitor systems for indirect vision in
16505:2019 vehicles
IlE'(2:06104825_ Safety of laser products (applicable to LiDAR)
ISO 16750- Environmental conditions and testing for
3:2023 electrical components
ISO 11452- Electromagnetic compatibility (EMC) testing for
2:2019 vehicle components
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AEC-Q100 & | Automotive reliability  qualification  for

AEC-Q200 electronic components
OGC LAS Widely used standard for 3D point cloud data.
(ASPRS LAS Core format for LiDAR in mapping, simulation,
Format) and AV datasets.
DIN SAE SPEC | Standardises LiDAR performance
91471 evaluation in ADAS/AVs using
point cloud metrics and test
conditions.
IEEE 1937.1- | Defines a generic LiDAR data format and API
2021 for interoperability across platforms.
BS ISO Standardised method to measure the effect of
18844:201 flare on the post processed captured image
PD ISO/TS Camera standard defining how to use standard
19567- test charts (IEC 61146-1 and ISO 12233) to
1:2016 measure texture reproduction
BS 1SO Camera standard defining methods to measure
hromatic displacement and radial chromatic
19084:2015 | c displac '
displacement
BS ISO Standard defining the method to measure the
17850:2015 total image distortion from the image output
BS IS0 A proposed analysis to determine the
17957:2015 magnitude of colour variations in the image

arising from non-uniformities
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2.2 Standards Relating to Automotive Simulation

Simulation has become a vital tool for validating perception technologies under diverse and repeatable
conditions. This section outlines key standards that support the modelling of driving scenarios, road
environments, sensor interfaces, and vehicle behaviour. These frameworks, primarily developed by ASAM,
enable consistent and interoperable simulation environments, required for testing safety-critical functions

AESIN

and accelerating development cycles in autonomous vehicle platforms.

Table 2: Key Standards in Automotive Simulation and their Applications

Standards

Description

Scenario
Modelling

Road
Modelling

Sensor
Data

ASAM
OpenSCENARIO

Defines structured and reproducible
scenarios for testing AVs

ASAM
OpenDRIVE

Defines a road network modelling
standard

ASAM OSI (Open
Sensor
Interface)

Standardises simulation interfaces data
formats

]

ASAM OpenCRG

Provides high-resolution descriptions of
road surfaces

K

K

ASAM OpenODD

Defines operational constraints for
autonomous driving

©

©

Standardised format for handling

sensor testing

ASAM MDF v

S measurement data
Standard for a communication API

ASAM XIL between test automation tools and test
bench setups

ASAM

. Defines physical material properties and
M | v

;)gen ateria standardises 3D model structures
Newer simulation standards: CMP
(Co-Simulation Master Protocol) and SOVD

ASAM CMP & (Scenario Object & Vehicle Description)

SOovD enhance modularity and data-exchange—
extensible for sensor models including
LiDAR
Standardises test sequences and test data

ASAM OTX exchange; indirectly supports LiDAR by

Extensions ensuring reproducibility in vehicle and

uuuuu
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2.3 Standards for Material Properties for Simulation

Sensors such as LiDAR, radar, ultrasonic, and cameras rely on the interaction between emitted signals
(light, sound, or radio waves) and the surfaces they encounter. The reflectivity, absorption, and scattering
characteristics of materials, such as metal, plastic, glass, or rubber, can significantly influence how well
these sensors detect and interpret objects. For example, highly reflective surfaces may cause glare or
ghosting in camera systems, while radar signals may be absorbed or deflected by certain composites or
‘soft’ materials, leading to reduced detection accuracy. These interactions directly affect object
recognition, distance estimation, and ultimately, the safety and reliability of autonomous driving systems.

As automated vehicles must operate in complex, real-world settings, it is essential that perception systems
are tested against a wide range of materials under varying conditions. This is especially important for edge
cases, such as detecting low-reflectivity objects at night or identifying transparent barriers like glass doors,
or highly absorbent materials in the presence of environmental noise.

Table 3: Standards related to Material Properties

Standards Description

ISO 10303 (STEP) | Facilitates seamless exchange of digital product information across different
engineering platforms. It plays a critical role in ensuring interoperability between
CAD, CAE, and PLM systems, particularly for material data used in simulation and
manufacturing workflows.?.

1SO 6892 Standardises the method for tensile testing of metallic materials, providing
procedures for determining mechanical properties such as yield strength, tensile
strength, and elongation. It ensures consistency and comparability of test results
across laboratories and industries, supporting material selection and structural
integrity assessments”.

ISO 1183 Specifies methods for determining the density of non-cellular plastics, including
polymer-based automotive components. Accurate density measurements are
essential for material characterisation, quality control, and simulation input,
particularly in lightweight vehicle design and performance modelling®.

ASTM ES/ESM Outlines standardised procedures for tensile testing of metallic materials, including
specimen preparation, testing conditions, and data interpretation. Widely adopted
in automotive and aerospace sectors, it provides critical data for evaluating
material strength and ductility under uniaxial loading”.

ASTM Defines the test method for determining the tensile properties of polymer matrix
D3039/D3039M | composite materials. It is essential for characterising the mechanical behaviour of
composites used in structural automotive applications, particularly in
crashworthiness and lightweighting strategies®.

SAE J2749 Offers guidelines for material characterisation specifically tailored for automotive
crash simulations. It supports the development of accurate finite element models
by defining procedures for capturing strain-rate-dependent behaviour, which is

crucial for predicting vehicle performance in impact scenarios.®.
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ASME BPVC | Provides comprehensive specifications for materials used in high-pressure and

Section Il high-temperature applications. In the automotive context, it is particularly relevant
for components such as hydrogen storage tanks and thermal systems in electric
vehicles.1°.

ASTM E2938-15 Defines test methods for evaluating the range accuracy and performance of LiDAR
and 3D imaging systems under controlled conditions with varied target materials
and geometries 1.

ASTM E2540-16 / | Specifies procedures for measuring the retroreflectivity of materials (e.g. traffic
E1709 signs) using portable retroreflectometers, relevant for simulating glare and specular
reflections 2.

1ISO 13803 Describes methods for measuring luminous reflectance and haze of surfaces using
a BaSO, reference, important for characterising optical scattering in camera and
LiDAR simulations 3.

Spectralon PTFE-based calibration targets with >99% diffuse reflectivity, used to standardise
Reference and validate reflectance measurements in optical sensor testing .
Materials
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2.4 Standards Relating to Vehicle Control

This section presents some key standards that govern the design, performance, and safety of control
systems, that may involve perception-driven decision-making. These include ISO guidelines for functional
safety (ISO 26262), safety of intended functionality (ISO 21448), and emerging standards addressing
artificial intelligence in automotive contexts.

Table 4: Standards related to Vehicle Control

Standards Description

I1SO 26262 Establishes guidelines for ensuring functional safety and minimising risk in
automotive electronic systems in road vehicles throughout their entire lifecycle. It
covers hazard analysis, risk assessment, and mitigation techniques from concept
and development to production, operation, and decommissioning®®. It is
structured into 12 parts, covering both normative requirements (parts 1-9 and 12)
and guidance (parts 10 and 11).

ISO 21448: 2022 | Focuses on addressing the safety risks of the intended functionality (not caused by
(SOTIF): system failures, but by functional insufficiencies in the design or performance of
automotive systems) including automotive sensors, addressing limitations in sensor
perception under real-world conditions'®. It is structured into six main clauses and
several annexes, covering Scope and Definitions, Overview of SOTIF Activities,
Specification and Design, Hazard Identification and Evaluation, Verification and
Validation, and Operational Phase Considerations.

ISO 15622:2018 Defines the performance and safety requirements for Adaptive Cruise Control
(ACC) systems in road vehicles. The goal is to ensure that ACC systems operate
reliably, safely, and consistently across different vehicle platforms and driving
conditions. These systems are designed to provide longitudinal control—
maintaining speed and safe following distance—on highways and in traffic
conditions.!’. The standard covers both Full Speed Range Adaptive Cruise Control
(FSRA) systems, and Limited Speed Range Adaptive Cruise Control (LSRA).

ISO/PAS Road vehicles — Safety and artificial intelligence applies to safety-related systems
8800:2024 that include one or more electrical and/or electronic (E/E) systems that use Al
technology and that is installed in series production road vehicles, excluding
mopeds. It does not address unique E/E systems in special vehicles, such as E/E
systems designed for drivers with disabilities®®.
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3 Automotive Perception Sensors Landscape

The foundation of automated driving lies in the vehicle’s ability to perceive its environment accurately and
reliably. This section explores the current landscape of automotive perception sensors, including LiDAR,
radar, cameras, and sensor fusion technologies. It highlights trends, technological advancements, and the
evolving role of these sensors in enabling safe and effective Advanced Driver Assistance Systems (ADAS)
and higher levels of vehicle automation.

Automotive perception sensors are critical components in autonomous driving technologies. These
sensors enable vehicles to perceive their surroundings, detect objects, and make driving decisions. The
current landscape of perception sensors includes a combination of LiDAR, radar, cameras, and ultrasonic

sensors, often integrated using sensor fusion techniques to enhance reliability and accuracy>*° .

3.1 Current state-of-the-art
3.1.1 LiDAR

LiDAR has emerged as a key sensor in the development of automated vehicles due to its ability to
generate high-resolution, 3D representations of the environment. Recent advances have significantly
improved LiDAR’s range, resolution, field of view (FoV), and robustness to environmental conditions.

Types of LiDAR technologies currently shaping the state-of-the-art include:

e Spinning/MEMS Hybrid LiDAR: Combines mechanical spinning elements with micro-electro-
mechanical systems (MEMS) for scanning. These sensors offer wide FoV and improved durability,
making them well-suited for highway and urban driving scenarios %.

e Solid-State LiDAR (Flash and Optical Phased Array): Unlike mechanical systems, solid-state LiDAR
has no moving parts, increasing robustness and manufacturability. Flash LiDAR uses a single pulse
to illuminate the entire scene, while Optical Phased Array (OPA) systems steer beams
electronically, allowing for ultra-compact and dynamically configurable units 2.

e Frequency-Modulated Continuous Wave (FMCW) LiDAR: Offers range and relative velocity in a
single measurement by encoding a frequency sweep into the emitted signal. FMCW systems are
inherently resistant to interference and provide Doppler velocity information, making them
attractive for high-speed applications 2.

e Digital LIDAR (SPAD Arrays): Utilises single-photon avalanche diodes (SPADs) for extremely
sensitive photon detection. These sensors enable centimetre-level accuracy, even under low-light
or high dynamic range conditions. Their fast acquisition rates also support dense point clouds .

e Long-Range High-Resolution LiDAR: Emerging long-range sensors can detect objects up to 300 m
or more, with angular resolutions below 0.1°. This enables earlier detection of distant vehicles or
road users, crucial for highway-speed autonomy 4.

e LiDAR-on-a-Chip: Efforts in silicon photonics are enabling LiDAR systems to be integrated onto a
single chip, significantly reducing size, cost, and power consumption. These advances are key to
the mass-market deployment of AVs and ADAS .
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3.1.2 Radar

Traditional automotive RADAR units are currently widely implemented in modern vehicles with the need
to enable assisted and automated driving functions for safety (such as forward collision warning) and ease
of comfort (such as adaptive cruise control). However, further features have been developed through
corner RADARs which enables the monitoring of blind spots to assist the drivers during manoeuvres.
Typically, automotive RADARs are operate using FMCW at 77-79 GHz frequency spectrum. With advances
in signal processing and novel placements of emitter-receiver pairs, higher resolution in both the vehicle
and horizontal planes have been achieved giving rise to the 4D RADAR, also known as imaging RADAR and
is currently in production.

3.1.3 Vision Systems

There are many different challenges which are posed by an automotive use case. Automotive cameras are
currently pushing to higher resolutions to 12+ mega pixels. Perhaps the biggest challenge is the changes
in lighting conditions and vast different in local scene luminosity which is defined as the dynamic range of
the scene. High dynamic range cameras are in use which captures using split pixels technology, or multi-
exposure captures to create the HDR image. As a subset of HDR images, the SNR is even more important,
and there are different colour filter arrays which provide different benefits, through different combinations
of red, blue, green and clear pixels. LED flicker mitigation is a core focus recent for camera. Previously,
infrastructure and vehicle lights could appear off or dimmer due to mis-match timing with the camera
frame rate, and there was a focus to develop flicker mitigation camera which is currently being produced.

3.2 Current Challenges in Perception Sensors

Despite technological advancements, automotive perception sensors still face several challenges. In this
section are summarised some of the key challenges the industry needs to address related to the
advancements of LiDAR, Radar, Vision Systems and Sensor Fusion.

3.2.1 LiDAR

This peer-reviewed article from 2023 offers a recent and comprehensive review of LiDAR odometry and
commercialisation challenges?. The research carries out a systematic analysis of current technologies,
integration issues, and real-world deployment barriers, supported by academic and industry perspectives.
A summary of the key elements is extracted for the report.

High Cost and Integration Complexity

Although solid-state LiDAR has reduced mechanical complexity, automotive-grade units remain
significantly more expensive than radar or camera systems. Integrating LiDAR into vehicle platforms—
both physically and electronically—adds further cost and design overhead, making it less viable for high-
volume consumer vehicles. LiDAR enabled automated driving functions are already widely adopted in
recent years for vehicles in China, predominantly using 905 nm MEMs LiDAR as the cost per unit is
reducing?’.
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Environmental Vulnerability

LiDAR systems are sensitive to adverse weather conditions such as fog, rain, and snow. These
environmental factors can degrade signal quality and reduce detection reliability, posing risks in safety-
critical applications and limiting operational robustness across diverse climates.

Data Volume and Processing Requirements

LiDAR sensors generate dense point clouds, often comprising hundreds of thousands of data points per
frame. Processing this data in real time for tasks like object detection, tracking, and fusion with other
sensor modalities demands high-performance computing, which increases system cost and power
consumption.

Lack of Standardisation and Regulatory Clarity

The absence of harmonised global standards for LiDAR performance, testing, and validation creates
uncertainty for OEMs and suppliers. Without clear regulatory pathways, it is difficult to certify LiDAR-
based systems for deployment in safety-critical environments, slowing down commercial rollout.

3.2.2 Radar

Radar technologies are pivotal for the perception systems of AVs offering robust detection capabilities in
diverse environmental conditions. Unlike LiDAR or cameras, radar excels in adverse weather and low-light
scenarios, making it indispensable for safe navigation. However, several technical challenges limit radar's
effectiveness in fully autonomous systems. This section outlines four critical challenges to highlight their
significance and impact on AV development.

Limited Angular Resolution
Traditional radar systems have lower spatial resolution compared to LiDAR and cameras, making it difficult
to distinguish closely spaced objects in dense traffic. While 4D imaging radar improves resolution and adds
vertical dimension, it still lags behind state-of-the-art camera and LiDAR alternatives. Enhancing resolution
requires larger antenna arrays or advanced signal processing (e.g., MIMO), which increases system
complexity and cost.?829:30,

Interference in Dense Radar Environments

The growing number of radar-equipped vehicles leads to signal interference, especially in urban areas
where the density of sensors in operation can be significant. Overlapping signals and multipath reflections
can cause false detections (“radar blinding”) or degraded performance. Mitigation strategies like
frequency hopping and cooperative sensing require standardised protocols and add further
complexity?®3132

Performance Under Adverse Weather Conditions

Although radar performs better than LiDAR and camera sensors in poor weather, it is not immune to
degradation. Heavy rain, snow, or fog can attenuate signals and introduce clutter, reducing detection
accuracy. Emerging technologies like photonic radar aim to address these limitations, but consistent
performance across all conditions remains a challenge?3932,

Data Sparsity and Processing Complexity

Radar data is inherently sparse and noisy, making it difficult for perception algorithms to extract
meaningful information. Unlike rich LiDAR point clouds or camera images, radar outputs require
sophisticated deep learning models to interpret. These models demand significant computational
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resources and energy, which can be a constraint for embedded automotive platforms. Additionally, the
lack of diverse radar datasets hampers progress in machine learning-based radar perception3%3334,

3.2.3 Vision Systems

Vision systems, primarily relying on cameras, are a cornerstone of AVs perception, enabling real-time
analysis of the environment through object detection, lane tracking, and traffic sign recognition. Cameras
provide high-resolution, rich visual data at a lower cost compared to LiDAR, making them critical for
scalable AV deployment. However, vision systems face significant challenges that impact their reliability
and safety in complex driving scenarios. This section outlines four critical challenges.

Limited Performance in Adverse Weather and Lighting Conditions

Camera-based Vision systems struggle in rain, snow, fog, and variable lighting. Glare, low light, and rapid
brightness changes can degrade image quality, making it difficult for algorithms to detect critical features.
Techniques like HDR imaging and LED Flicker Mitigation are being developed, but consistent performance
across all conditions remains a challenge®>3%37, Whilst 905 nm dominate the market, with 1550 nm as a
second option, 1310 nm wavelength LiDARs could be the next breakthrough for robustness against
weather and is a promising competitor to existing LIDAR technologies. Whilst there is research around
optical phased array (OPA) LiDARs, they are still further away, but the compactness of the technologies to
fit well to integrate with exiting vehicle designs, although the perception of having a visible LiDAR may
shift to be desirable if integrated seamlessly.

Depth Estimation and 3D Perception Challenges

Accurate depth estimation is essential for AVs to gauge distances to objects, but camera-based systems
face difficulties in achieving reliable 3D perception. Monocular cameras lack depth information, relying on
complex algorithms to infer distance. Stereo systems improve accuracy but introduce calibration and
distortion issues. Misalignment or pixel disparity can lead to incorrect depth estimates, affecting safety-
critical functions like collision avoidance.3®394°,

Handling Edge Cases and Rare Scenarios

Vision systems must handle unpredictable events, such as unusual pedestrian behaviour or obscure road
debris. Limited real-world data and insufficient diversity in training datasets make it difficult to reliably
detect and classify these edge cases, increasing the risk of misinterpretation. Standard datasets often lack

diversity for edge cases, and synthetic data from simulations may not fully capture real-world complexity
40,41

Computational Complexity for Real-Time Processing

Processing high-resolution camera data in real time requires significant computing power. Deep learning
models used for tasks like segmentation and object detection are resource-intensive, posing challenges
for energy-efficient embedded systems. Optimising algorithms and hardware, such as dedicated Al chips,
is necessary, but balancing accuracy, speed, and power consumption remains a critical challenge 364243,
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3.2.4 Sensor Fusion & Data Processing

Sensor fusion is essential for autonomous vehicles, enabling a comprehensive understanding of the
environment by combining data from cameras, LiDAR, radar, and IMUs. While fusion enhances reliability
by leveraging the strengths of each modality, it introduces several technical challenges that impact
system performance and safety.

Sensor Calibration and Synchronisation Challenges

Effective fusion depends on precise spatial and temporal alignment across sensors. Differences in
operating frequencies and fields of view can lead to misalignment, especially between LiDAR and camera
data. Calibration errors or timing mismatches can distort environmental models, increasing the risk of
incorrect decisions. While open-source tools exist, ensuring robustness across commercial platforms and
dynamic conditions remains difficult.4#4>46,

Handling Heterogeneous Data Modalities

Each sensor produces data in different formats and resolutions, dense images from cameras, sparse point
clouds from LiDAR, and range data from radar. Aligning and integrating these diverse inputs is complex and
can introduce distortions, particularly in tasks like 3D object detection. Adaptive fusion algorithms are
needed to manage domain-specific biases such as lighting or weather effects.*”,

Computational Complexity and Latency

Fusion algorithms, especially those using deep learning (e.g., CNNs, transformers), are computationally
demanding. Processing multi-modal data in real time requires powerful hardware, which increases cost
and energy consumption. Achieving low-latency inference on embedded systems is critical for safety but
remains a major challenge.*”:4%:0,

Ensuring Robustness in Diverse Conditions

Sensor fusion must perform reliably in varied environments, including poor weather, low light, and urban
clutter. Sensors may fail or produce noisy data, and fusion systems must compensate to maintain accurate
perception. Developing resilient frameworks that adapt to sensor degradation or prioritise reliable inputs
is complex and requires extensive validation.*>5%>%

3.3 Future Trends in Perception Sensor Technologies

As the automotive industry advances toward higher levels of automation, perception sensor technologies
are evolving rapidly to meet increasing demands for accuracy, reliability, and cost-efficiency. This section
explores emerging trends across LiDAR, radar, and vision systems, highlighting innovations in hardware
design, signal processing, and integration strategies. Where available projections extending through to
2035 and beyond are presented.

3.3.1 LiDAR

2025 -2030 e Solid-state LiDAR systems increasingly replace mechanical spinning
units, offering improved durability, reduced cost, and easier integration
into vehicle architecture >3,

e LiDAR becomes more compact and power-efficient, making roof- or
bumper-mounted integration viable for high-volume vehicles, including
mid-range consumer models >4,

AESIN catAPULT NPLE [OXRF #=. ssyselek SWMG

Compoun A TECHNIA COMPANY Hational Physical Laboratory



Page 14 of 25

e 905nm wavelength LIDAR dominates low-cost segments, while
1550 nm systems emerge in premium markets for their longer range
and eye safety benefits *°.

e Automotive-grade LiDAR becomes available at sub-$500 price points,
enabling broader deployment beyond Level 3 vehicles, particularly in
ADAS applications like highway pilot and blind spot detection .

e Energy consumption reductions are prioritised through improved
semiconductor design and beam-steering techniques (MEMS, OPA) %/,

e Multi-modal sensor fusion improves reliability, with LiDAR increasingly
fused with vision and radar using deep learning pipelines optimised for
real-time performance .

2030 - 2035 e LiDAR-on-chip (silicon photonics) solutions reach commercial maturity,
further reducing cost, size, and complexity of sensor modules *°.

e FMCW LiDAR becomes mainstream, offering native velocity detection
and enhanced resistance to cross-talk and multi-path interference .

e Adaptive resolution and dynamic beam steering are introduced,
allowing LiDAR systems to concentrate scanning resources in high-risk
areas (e.g. intersections, moving objects) 6%,

e Automotive safety standards (e.g. 1SO, UNECE) include formal test
protocols and performance metrics specifically for LiDAR sensors,
improving regulatory clarity and OEM confidence 2.

e Edge Al acceleration hardware becomes standardised to support real-
time point cloud processing and onboard decision-making in power-
constrained environments 3.

e Integrated LiDAR + camera systems emerge as standard modules to
support redundancy and semantic understanding .

2035+ e LiDAR becomes a default component in all vehicles with Level 3+
automation, including entry-level electric vehicles .

e Al-optimised sensor scheduling enables context-aware activation of
LiDAR for energy-efficient perception, particularly in low-speed or
crowded environments .

e Extended-range and high-altitude LiDAR (e.g. for infrastructure-to-
vehicle (12V) communication or drone-based environmental monitoring)
integrates with vehicle networks .

e Holographic and metasurface-based LiDAR concepts begin to replace
current optical beam steering, enabling ultra-thin, wide-FoV modules 8,

e Quantum-enhanced or photonic LiDAR technologies enter
experimental deployment phases, offering extreme sensitivity and
precision for complex urban environments or adverse weather .
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Radar

2025 -2030 e Machine learning (ML) and deep learning increasingly applied to 4D
radar for enhanced object classification, clutter suppression, and
adaptive signal processing’®.

e Improved noise reduction and data processing techniques for 4D radar,
including Al-based clutter filtering and jamming mitigation®.

e Continued resolution enhancements through MIMO architectures and
advanced waveform design”’.

e Exploration of higher frequency bands (150 GHz and 300 GHz) to
improve range and angular resolution, with early-stage prototypes
under development’?,

e Integration of radar with camera and LiDAR in multi-modal fusion
frameworks, improving robustness in adverse conditions’?.

2030 - 2035 e Commercial deployment of 150 GHz and 300 GHz radar systems,
offering finer resolution and longer range for highway and urban
autonomy’?,

e Emergence of 5D radar, combining spatial, velocity, and semantic data
layers for richer environmental understanding (e.g., object intent or
classification).

e Radar systems begin supporting context-aware perception, adapting
scanning patterns based on driving scenarios and risk zones’™.

e Radar fusion with V2X (vehicle-to-everything) data streams for
enhanced situational awareness.

2035+ e 5D and 6D radar systems enter advanced development, potentially
incorporating environmental context, object behaviour prediction, and
cooperative sensing across vehicles.

e Radar becomes a primary sensor in low-cost autonomous platforms due
to its robustness and scalability”.

e Quantum radar and photonic radar technologies begin experimental
deployment, offering ultra-high sensitivity and resistance to
interference.

Cameras and Vision Systems

2025 -2030 e Hardware and software development is increasingly tailored to
automotive-specific challenges such as high dynamic range (HDR), LED
flicker, and environmental noise. Camera systems are being enhanced
with split-pixel and multi-exposure technologies to improve signal-to-
noise ratio (SNR) and image clarity under varying lighting conditions”>.

e Perception algorithms are evolving to better handle noise and occlusion,
using Al-based denoising and semantic segmentation to improve object
detection in complex scenes”.

e Data reduction and bandwidth optimisation are becoming critical as
multi-camera systems generate large volumes of data. Edge Al and
compression techniques are being deployed to reduce transmission
loads without compromising perception quality®.
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In-cabin monitoring systems are expanding rapidly, driven by safety
regulations and user experience demands. These systems use near-
infrared (NIR) cameras and Al to monitor driver attention, passenger
occupancy, and even health indicators™.

2030 - 2035

Infrastructure-integrated cameras are expected to support vehicle-to-
infrastructure (V2I) communication, enabling cooperative perception.
These systems will provide real-time traffic, pedestrian, and hazard data
to vehicles, enhancing situational awareness”.

Sensor fusion will become the norm, combining camera data with LiDAR,
radar, and ultrasonic sensors. Deep learning-based fusion models will
improve robustness and redundancy, especially in edge cases and
adverse conditions®.

2035+

Al-enhanced vision systems will incorporate vision-language models
(VLMs) and contextual reasoning to interpret complex scenes, such as
understanding intent from pedestrian gestures or signage in multiple
languages’®.

Smart infrastructure integration will allow vehicles to offload
processing to cloud or edge servers, enabling real-time updates,
predictive analytics, and coordinated traffic management”’.
Adaptive sensing environments will personalise camera behaviour
based on passenger profiles, driving context, and environmental
conditions, using Al to dynamically adjust exposure, focus, and
processing priorities®..
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4 Conclusion

The evolution of automotive perception sensors is central to the advancement of Advanced Driver
Assistance Systems (ADAS) and the transition toward higher levels of vehicle automation. This report has
outlined the current landscape of sensor technologies—including LiDAR, radar, and camera systems. These
technologies are increasingly supported by a growing body of international standards that aim to ensure
safety, interoperability, and performance consistency across global markets.

Despite significant progress, challenges remain in areas such as cost scalability, environmental robustness,
and regulatory harmonisation. Addressing these issues will require continued innovation in sensor design,
data processing, and simulation-based validation techniques. The emergence of solid-state LiDAR, 4D
imaging radar, and event-based cameras, combined with standardised testing protocols, signals a
promising future for perception systems.

To accelerate the safe and widespread deployment of automated vehicles, it is essential to align
technological development with international standardisation efforts and simulation-based validation
frameworks. This alignment will enhance system reliability and safety and foster regulatory acceptance.
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5 Glossary

Term

Definition

Sensor Fusion

The integration of data from multiple sensors (LiDAR, radar, cameras) to enhance
reliability and accuracy in autonomous perception.

ADAS Advanced Driver Assistance Systems that rely on perception technologies to
improve vehicle safety and automation.

AVs Autonomous Vehicles that use real-time environmental understanding for
decision-making, enabled by perception sensors.

FMCW Frequency-Modulated Continuous Wave LiDAR offering range and velocity
detection with resistance to interference.

HDR High Dynamic Range imaging used in cameras to handle varying lighting
conditions and improve image clarity.

LED Flicker A camera feature that prevents misinterpretation of LED lights due to frame rate

Mitigation mismatches.

SPAD Single-Photon Avalanche Diodes used in digital LiDAR for high sensitivity and
precision.

MEMS Micro-Electro-Mechanical Systems used in hybrid LiDAR for scanning and

durability.

Solid-State LiDAR

LiDAR systems with no moving parts, offering robustness and compact integration.

Optical Phased
Array

A beam-steering technology used in solid-state LiDAR for dynamic scanning.

Digital LiDAR

LiDAR using SPAD arrays for high-resolution and low-light performance.

4D Radar

Radar systems providing spatial and velocity data, including vertical resolution.

Imaging Radar

Advanced radar capable of generating detailed environmental maps.

Split-pixel

A sensor design used in HDR cameras to capture multiple exposures
simultaneously.

Multi-exposure

A technique in HDR imaging where multiple frames are captured at different
exposures.

ISO International Organization for Standardization

ASAM Association for Standardisation of Automation and Measuring Systems.

SAE Society of Automotive Engineers.

Reflectivity The ability of a surface to reflect sensor signals, impacting detection.
Absorption The degree to which materials absorb sensor signals, affecting performance.
Scattering The dispersion of sensor signals upon hitting surfaces, influencing perception

accuracy.
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Edge Cases Rare or unpredictable scenarios that challenge perception systems.

Semantic A deep learning technique for classifying each pixel in an image into meaningful
Segmentation categories.

Point Cloud A collection of data points in 3D space generated by LiDAR sensors.

CNN Convolutional Neural Networks used for image and sensor data analysis.
Transformer A neural network architecture used for contextual reasoning in perception

systems.

Event-based
Camera

A camera that captures changes in a scene rather than full frames, useful for low-
latency applications.

Photonic Radar

Radar using photonic technologies for improved resolution and interference
resistance.

MIMO Multiple-Input Multiple-Output radar systems enhancing spatial resolution.
V2X Vehicle-to-Everything communication enabling cooperative perception.
Vv2i Vehicle-to-Infrastructure communication for real-time environmental updates.

Vision-Language
Models

Al models combining visual and textual data for contextual understanding.

Contextual
Reasoning

The ability of Al systems to interpret scenes based on context and semantics.
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