
Enhancing Perception Systems for
Autonomous Vehicles Using

Radar-Generated Occupancy Grid
Maps

Alireza Najafi

Thesis submitted to the University of Ottawa
in partial fulfillment of the thesis requirement for the degree of

Master of Applied Science
in

Electrical and Computer Engineering

© Alireza Najafi, Ottawa, Ontario, Canada, 2024



Declaration of Authorship

I hereby certify that this thesis is entirely my own original work except where otherwise
indicated. I am aware of the University’s regulations concerning plagiarism, including
those concerning consequent disciplinary actions. Any use of the works of any other
author, in any form, is properly acknowledged at their point of use.

ii



Abstract

The continuous development in the field of Intelligent Transportation Systems (ITS) and
Autonomous Vehicles (AV) promises to revolutionize transportation and society by en-
hancing road safety, traffic management, and environmental sustainability. Central to
the realization of AVs are Perception systems that enable the vehicle to interact with
and understand the surroundings. These systems utilize various sensors for measuring
and recording data which are then processed by complex algorithms to derive meaning-
ful information. With the emergence of Deep Learning (DL) and comprehensive driving
scenario datasets, state-of-the-art methods have significantly matured, especially in the
object detection field. These models mostly rely on cameras and LiDAR sensors for
perception purposes. Despite their superior performance under favorable stations, these
models often degrade in performance under real-world scenarios such as inadequate illu-
mination or different weather conditions. These challenges hinder the reliability of AVs
and raise concerns for safe navigation.

To tackle these challenges, various solutions have been proposed by the community of
computer vision, however, camera and LiDAR sensors have inherent limitations against
environmental challenges, in particular, which prevent them from performing reliably.
On the other hand, Radar sensors have been gaining more popularity and recent studies
have shown their potential in tackling these challenges. Despite their advantages, these
sensors are still under-explored compared to the cameras and LiDARs, and the inade-
quate number of available Radar-inclusive datasets and sparse Radar recordings make it
more difficult to develop Radar-aided perception models.

In our research, we propose a unified framework that aims to enhance the quality of
Radar data frames by transforming the sparse point clouds into high-quality and high-
resolution Occupancy Grid Maps (OGM). Our system utilizes Bayesian filtering and a
Radar-specific sensor inverse modeling to adaptively estimate the occupancy state of dif-
ferent locations, represented by cells, across the mapping environment. The final product
is the construction of a rich representation of the environment preserving structural de-
tails, compared to the indistinguishable structure of Radar point clouds. Our system
reduces the extreme sparsity in Radar point clouds by more than 60% and eliminates
the uncertainty in the whereabouts of obstacles by more than 25%. Furthermore, the
experiments show the effectiveness of the OGMs in robustifying the performance of a
baseline object detection model against foggy weather conditions.

By addressing the quality-related issue for the Radar portion of currently available
datasets, we served to facilitate the study of the impact and benefits of this sensing
modality. Utilizing the unique characteristics of these sensors and combining them with
cameras and LiDARs through a more complex fusion algorithm can lead to a more robust
and reliable perception system, taking us one step closer to the realization of Avs.
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Chapter 1

Introduction

For centuries, humans developed and used different modes of transportation for many
of the essential activities in their lives. Historically, transportation has been the enabler
for building communications, making trades, relocating, and establishing civilizations.
With the development of vehicles, steamboats, and railroads in the 1800s, transporta-
tion experienced a revolution becoming more crucial for the prosperity of nations. For
millenniums and centuries, the existence and availability of tools that could provide au-
tonomous transportation used to be among the far-fetched dreams of mankind. However,
with the advancements in technology in the modern world, it is now only a matter of
time before this dream comes true. Intelligent Transportation Systems (ITS) and Au-
tonomous Vehicles (AV) will revolutionize the life of every human being and the cycle of
every industry because transportation is and has been one the most vital pillars of our
lives [38, 43,46,47,52,54,59,62,65,73,75,264,314,352].

The impact of the deployment of AVs is expected to range from road safety and
traffic management to environmental benefits. Most road incidents occur because of
human error such as carelessness, inattention, and impaired driving. According to the
2023 statistics provided by the government of Canada [229], in the year 2022, around
118,853 people were injured in various scenarios driving scenarios which led to about
2000 fatalities. Distraction and impaired driving were among the reasons, contributing
by 20% and 23%, respectively. The use of AVs on the road can expel human error
contribution factors, and significantly increase road safety.

Furthermore, the AV and ITS propose potential in traffic management, especially, in
populated urban areas. As tailored by Forbes [124], as the ITS infrastructure enables the
AVs to communicate with each other, they can optimize their speed, timing, and choice
of route to maintain a steady traffic flow, reduce congestion, and cut commute times.
The usage of AV provides accessibility for all people, especially for the ones who are not
able to drive such as the elderly and the young.

Global warming, wildfires, and severe changes in climates across the world have at-
tracted much attention and concern towards the carbon footprint of various activities.
Accordingly, the environmental benefits offered by AVs can be potentially among the
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solutions to address these challenges. AVs have no tailpipe emissions and over their
lifespan leave less than half of the carbon footprint of regular vehicles [124]. The United
States Environmental Protection Agency (EPA) addresses the myths about EVs in an
article [6], highlighting that considering the manufacturing and recharging required for
EVs, their carbon footprint is still lower than regular gasoline vehicles during their life-
time. Conclusively, the reduction in engine roaring and greenhouse pollution, will lead
our metropolitan areas to have better air quality and healthier living standards.

An AV is realized when a vehicle can perceive and comprehend the events in its
surroundings, and based on this understanding perform reliable decision-making and
respond appropriately to various driving scenarios for safe navigation to the destination.
Initially and at the heart of these vehicles, lies their perception system which is primarily
responsible for acquiring the mentioned comprehensive understanding of the vehicle’s
environment. Perception systems in AVs consist of various sensors, including cameras,
LiDAR, and Radar sensors which capture data from the surroundings. However, these
sensors’ representation of the world is raw and cannot be used directly for decision-
making or navigation. This raw data undergoes complex processing and analysis, utilizing
advanced algorithms and techniques to extract high-level information. Tasks such as
object and obstacle detection, lane tracking, and pedestrian recognition are essentially
performed by the perception systems.

In recent years, significant advancements have been made in perception-related tech-
nologies [144], fueled by the rapid development of artificial intelligence and powerful
hardware. Deep Learning (DL) algorithms, in particular, have revolutionized perception
systems, especially in the object detection field where the goal is to identify and local-
ize the instances of various objects across a driving scenario. These advancements have
allowed AVs to get closer than ever to human-like perception and interpretation of their
environment, exhibiting high accuracy and inference speed.

1.1 Problem Statement

Despite the advancements in perception-related technologies, several challenges still re-
main in achieving reliable and robust perception systems. Firstly, a perception system
should be robust to varying situations and environmental factors, such as adverse weather
conditions that significantly reduce visibility, to ensure reliable and safe navigation. Sec-
ondly, selecting a practical and cost-efficient sensor suite is crucial for providing adequate
and accurate information for the perception systems. Given that each sensor has its own
limitations, a suitable configuration should be designed where the combination of sensors
compensates for each other’s shortcomings. Furthermore, sensor fusion and data integra-
tion add complexity, requiring algorithms to combine recordings of different sensors to
achieve an accurate and unified representation of the driving scenario. The computational
load of processing the large volume of information needed for real-time decision-making
presents a challenge that requires powerful hardware and efficient algorithms.
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Among these challenges, adverse weather conditions remain particularly problematic.
These conditions leave a degrading impact on perception sensors by imposing noise, at-
tenuation of measurement signals, and reduction of visibility. This leads to an unreliable
and inconsistent understanding of the surrounding events. Thus, it makes it a critical
focus area for ongoing research and development.

More specifically, cameras and LiDARs were the most commonly used sensors for the
development of perception systems, traditionally [144, 220]. These sensors experience
significant degradation of performance, affected by noise, attenuation, or inadequate il-
lumination caused during adverse weather conditions. These challenges arise from their
operating principles which makes them inherently vulnerable to such situations. Con-
versely, the unique features of Radar sensors have shown potential in tackling these
shortcomings [250]. Despite the recent attention toward Radar sensors, they are still con-
sidered under-explored compared to cameras and LiDARs. The number of benchmark
models based on cameras and LiDARs far exceeds those utilizing Radar sensors [80,133].
Consequently, further research is required to develop mature Radar-aided perception
models. This highlights a knowledge gap and the need for more comprehensive studies
on Radar-aided perception.

Furthermore, the DL approaches used for constructing reliable perception rely on a
vast volume of data, often provided through extensive datasets for training and learning
how to perform perception tasks. However, out of more than 60 comprehensive perception
datasets, under 10 of them include Radar recordings [144]. These recordings are often
organized as point clouds where the sparsity of information limits the scope for in-depth
studies on Radar’s potential benefits. This introduces additional obstacles on the way of
the research community to explore the advantages that Radar sensors can bring to the
perception systems.

1.2 Motivation and Contributions

The motivation for this thesis arises from the unique characteristics of Radar sensors,
which set them apart from other commonly used perception technologies like LiDAR and
cameras. Unlike cameras and LiDAR, Radar operates by emitting electromagnetic waves
at higher wavelengths, enabling it to detect objects while being less affected by adverse
weather conditions. This gives Radar an edge in challenging environmental conditions
such as rain, fog, or dust, where other sensors often struggle. Additionally, Radar has a
broader range and performs consistently over long distances, making it a valuable tool
in AV perception.

More specifically, the analog range and azimuth scans of Radars, which offer a contin-
uous and rich representation of the environment, would be a great candidate to address
the aforementioned challenges. This thesis aims to take advantage of this property by de-
veloping a method that transforms Radar’s point cloud into a structured representation
that mimics its scanning behavior.
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To achieve this, the problem is formulated as an occupancy grid mapping (OGM)
framework. This approach estimates the likelihood of different regions in the radar’s
field of view being occupied or free while accounting for the inherent uncertainty in
Radar measurements. By utilizing the OGM framework, the research seeks to harness
Radar’s advantages and address the challenges by building high-quality, rich, and more
informative maps for more robust perception. Toward this objective, the key contribu-
tions of this thesis are outlined as follows.

• PARMG: Pseudo Analog Azimuth-Range Radar Maps Generator. We
designed a unified novel system for Radar-aided perception that addresses the infor-
mation loss stemming from sparse sampling. Our approach significantly improves
the quality of the Radar point cloud measurements by utilizing the temporal re-
dundancy between frames and transforming them into OGMs. By projecting the
environment onto a grid map, our system uses the Bayesian filtering algorithm to
estimate the occupancy state of the grid cells. This estimation is performed through
an inverse sensor modeling module, which is designed specifically for Radar sen-
sors, to mimic how they perceive their surroundings. Although occupancy grid
mapping is mainly developed for static environments, we extend our system to
account for dynamic objects in driving scenarios. Furthermore, our framework
supports arbitrary multi-sensor configuration and is capable of constructing maps
from an aggregation of different views. Notably, our proposed framework can pro-
vide accessibility to high-quality OGMs across different Radar-inclusive datasets
with slight modifications and facilitate the study of Radar-related studies on the
various publicly available datasets.

• Runtime optimization through multi-processing. Constructing maps at high
resolution with minimal quantization error requires substantially high computa-
tional power. In this contribution, we introduce a multi-processing scheme that
performs occupancy mapping through parallel tasks, therefore optimizing the over-
all required processing time.

• Multi-sensor synchronization. In a sensor suite consisting of various kinds
of sensors, the synchronization issue between sample outputs occurs due to dif-
ferences in the sampling frequencies. Accordingly, we implement a multi-sensor
synchronization scheme that upsamples the output of the sensor with a lower sam-
pling frequency and associates the closest samples with the ones generated by the
other sensor, therefore temporally aligning samples for consistent representation.

1.3 Thesis Outline

The remainder of this thesis is organized as follows. In Section 2 we provide a com-
prehensive overview of perception systems. This overview discusses the different types
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of sensors used in perception systems and their key characteristics, as well as examples
of well-known datasets suitable for different purposes. Furthermore, a categorization of
perception-related tasks is given which is expected from AVs to perform, followed by
the relative environmental challenges. Chapter 3 presents perception systems’ basic con-
cepts and comparative analysis of several object detection benchmarks using different
sensor combinations. Our proposed framework is discussed in Chapter 4 explaining the
mechanisms used for OGM construction in detail. Chapter 5 provides an in-depth exper-
imental analysis of the characteristics and the effectiveness of our proposed method both
in generating an informative representation of environments and enhancing detection
performance under adverse weather conditions. Finally, a conclusion of our work is pro-
vided in Chapter 6 highlighting advantages and the areas requiring further improvement
accompanied by future research directions.
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Chapter 2

Background and Related Work

2.1 Introduction

Autonomous Driving (AD), once considered a distant aspiration, is significantly close to
becoming a reality owing it to recent advancements in hardware, software, and communi-
cation technologies. Connected vehicles, enabled by vehicle-to-vehicle (V2V) and vehicle-
to-everything (V2X) communication systems, play a critical role in facilitating seamless
interactions among vehicles and between vehicles and infrastructure. These technologies
enhance situational awareness, enable cooperative driving, and improve traffic manage-
ment, contributing to safety and efficiency [3,8–12,24,27,39–42,44,45,48–51,53,55–58,
60, 61, 63, 64, 66–72, 74, 76, 85, 101–107, 111, 115, 147, 215, 230, 234, 235, 263, 293, 300, 301,
312, 313, 315, 353, 354, 368]. On the other hand, the core of autonomous driving lies in
the vehicle’s ability to accurately perceive its environment. The perception system, re-
sponsible for sensing and interpreting the vehicle’s surroundings, is fundamental to safe
navigation and informed decision-making. This system must be robust, real-time, and
capable of handling complex, dynamic environments to ensure the vehicle can respond
appropriately to obstacles, other road users, and varying traffic conditions. AVs are
poised to revolutionize transportation, offering enhancements in safety, efficiency, and
environmental sustainability.

Perception systems in AVs include various sensors, including LiDAR, Radar, and
cameras, which gather information from the vehicle’s surroundings [133]. However, the
representation of the world acquired from these sensors is raw and cannot be used directly
for decision-making or navigation. This raw data should undergo complex processing and
analysis, utilizing advanced algorithms and techniques, to extract high-level information.
Tasks such as object detection, lane tracking, and pedestrian recognition are essentially
performed by the perception systems, and the next stages mainly depend on the results
from this stage.

In recent years, significant advancements have been made in perception systems,
fueled by the rapid development of artificial intelligence and sensor technology [144].
Deep Learning (DL) algorithms, in particular, have revolutionized perception systems,
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allowing AVs to perceive and interpret their environment with higher accuracy and speed,
and in a more generalized way [133]. Despite these advancements, challenges remain in
the way of achieving robust and reliable perception systems for AVs. Two of the most
crucial practical challenges are the effect of adverse weather conditions and nighttime
illumination on the performance and robustness of these systems [200].

The studies in the field of perception systems review different components from var-
ious aspects. Guo et al. [144] conducted their survey with a focus on driving scenario
challenges. They introduce a framework with factors to measure the safety and the
”driveability” of driving conditions. The authors provide a comparative review of var-
ious publicly available datasets for different perception tasks. Muhammad et al. [220]
gave a survey focusing on semantic segmentation in scene understanding based on vi-
sual sensory data. They provide critical analysis of the performance, time complexity,
and limitations of state-of-the-art approaches while also discussing available datasets and
unresolved challenges. Fend et al. [133] surveys DL techniques for multi-modal object de-
tection and semantic segmentation and highlights key challenges in combining data from
cameras, LiDARs, and Radars for robust performance. Xie et al. [333] reviews point
cloud semantic segmentation techniques, comparing traditional and DL methods while
highlighting challenges like dataset limitations and noise. It suggests future research
should improve robustness and address noise issues in practical applications. Arnold et
al. [19] surveyed 3D object detection methods for AVs, highlighting their advantages
over 2D methods for tasks requiring depth information. It categorizes recent approaches
based on sensor modalities and summarizes the results to identify research gaps. Guo et
al. [145] provides a comprehensive study on the recent advances in DL for point clouds,
focusing on 3D shape classification, object detection and tracking, and segmentation
accompanied by comparative results from public datasets.

2.2 Preliminaries

The Society of Automotive Engineers (SAE) has created a framework that defines vehicle
autonomy levels from manual driving (Level 0) to full autonomy (Level 5) [255]. Achiev-
ing full autonomy requires the vehicle to have a deep understanding of its surroundings,
accurate positioning, and safe navigation under all conditions. In fully autonomous ve-
hicles, passengers do not need to control their driving. The vehicle’s operations involve
several stages, starting with sensors collecting raw data and progressing through per-
ception, localization, behavioral estimation, and decision-making, ultimately guiding the
vehicle safely from start to finish.

Scene perception provides awareness of the driving scenario and the entities involved,
while Simultaneous Localization and Mapping (SLAM) focuses on determining the ve-
hicle’s position and creating a detailed map of the surroundings in real-time. For exam-
ple, [285] offers a comprehensive overview of SLAM algorithms based on visual sensors,
discussing challenges and limitations in achieving full autonomy, and emphasizing the
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Real-world Challenges

Figure 2.1: This figure provides an overview of the tasks and challenges in percep-
tion systems, starting with the sensors and moving through algorithms and approaches.
It highlights the use of deep learning methods and publicly available driving scenario
datasets. The input picture is adapted from [17].

need for self-learning models to handle dynamic environments. Similarly, [213] reviews
visual-based SLAM techniques, including visual-only, visual-inertial, and RGB-D SLAM,
highlighting their algorithms, advantages, and limitations, and providing guidance on se-
lecting appropriate methods based on application needs. Additional studies [77, 97, 277]
further explore SLAM advancements. After perception and SLAM stages, the data is
used for behavioral prediction of road participants, which is crucial for navigation plan-
ning, as discussed in [20], [224], and [137]. With this high-level understanding, AVs can
issue control commands to actuators and navigate safely.

To understand the surrounding events, an AV must perform several tasks such as rec-
ognizing pedestrians, understanding traffic signs, detecting roads and lanes, and ensuring
safe driving trajectories. Historically, early object detection methods relied on visual sen-
sors like cameras and used traditional techniques for object identification [84, 209, 283].
For instance, [7] combined radar and vision data to enhance vehicle detection and reduce
false positives. Other approaches used SVMs, such as linear SVM with HOG descrip-
tors [109] and latent SVM with multi-scale deformable part models [132].

Recent advancements in Deep Learning (DL) have led to more robust and accurate
solutions, breaking down perception tasks into smaller, manageable components [357].
Initially, perception issues were tackled using vision-based methods, which can generally
be divided into two categories: detection and segmentation. Detection focuses on identi-
fying and localizing objects in an input frame by drawing bounding boxes and providing
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confidence scores for classification. Segmentation, on the other hand, involves dividing
an image into segments or regions based on certain criteria to simplify or enhance analy-
sis [133]. A study [220] highlights scene understanding using only vision sensors, detailing
the generic pipeline of scene understanding and offering a comprehensive review of recent
methods and their performance.

The evolution of perception systems in autonomous vehicles has moved from vision-
only methods to integrating various sensors, driven by advancements in deep learning.
Moving from the initial reliance of perception on cameras for object detection and seg-
mentation, advancements have made additional sensors like LiDAR and Radar more
cost-effective [310]. These sensors offer complementary data, enhancing accuracy and ro-
bustness [167]. Deep learning has been crucial in this transition, facilitating the fusion of
multi-sensor data for better scene understanding and situational awareness. This multi-
modal approach addresses sensor limitations and leverages their strengths, resulting in
more reliable and effective perception systems [133].

2.3 Perception Sensors

The sensory interface of every self-driving vehicle is the first layer of the perception sys-
tem. These devices gather data from the surrounding environments by interacting with
them in different ways. These data are to be further processed for the extraction of high-
level information that is a requirement for the decision-making procedures. Each type
of sensor is distinct in how it captures the events of the surroundings which determines
the advantages as well as the handicaps. In this section, most representative sensors are
introduced and their working principles are investigated. By delving into the inner work-
ings of these sensors, readers will gain a deeper understanding of how they perceive and
interact with their surroundings. This knowledge will not only provide valuable insights
into the capabilities of each sensor but also point out their potential applications across
various scenarios and environments suitable for AVs.

2.3.1 Camera

Cameras are the most common sensing modality used in AVs for many purposes. They
capture the surrounding environment in the form of images from which contextual infor-
mation can be derived. There exist different types of cameras such as RGB, Thermal,
Stereo, Gated, FIR, etc [32, 35]. A proper type should be selected concerning the ap-
plication [266]. However, RGB cameras are the most widely used sensors in perception
applications.

RGB cameras provide 3-channel colored images, namely, Red, Green, and Blue, and
are similar to human beings’ sight mechanism which captures visible light with the wave-
length of 380 to 700 nm [5]. These cameras are offered in different settings such as
short-focal length which provides a wide angle of observation whereas long-focal length
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which enables the camera to focus on objects from far away [86]. A stereo vision setting,
as opposed to using only one single camera, is sometimes used to help with depth recog-
nition [168]. Thermal cameras are another popular type commonly used on AVs. These
sensors capture radiation of infrared waves which are not visible by human eyes. The
output is images that contain heat information of the objects existing in the respective
frame [302].

2.3.2 LiDAR

LiDAR (Light Detection And Ranging) sensors can be considered a cutting-edge tech-
nology used in the development of AV perception systems, ranking as the second most
popular sensor type after cameras. LiDARs operate on principles different from those of
cameras which allows them to capture detailed three-dimensional information about the
environment, offering unique advantages for perception in autonomous driving systems.
LiDARs rely on measuring the total travel time of laser beams emitted from the sensor
to the surrounding objects and back which is then used to convert this data into pre-
cise distance measurements. The operating wavelength of LiDAR beams is commonly
reported to be 905 or 1550 nm which is not visible to human eyes [198]. The results
of the mentioned spatial sampling form a 3D point cloud and include point-wise depth
information.

Compared to the cameras, LiDARs, typically, have lower spatial resolutions and
are not able to capture fine spatial textures. However, they provide 3D contextual
information and are robust to changes in illumination and lighting conditions, which can
be advantageous in certain scenarios. There is a trade-off between LiDAR’s inherent
capabilities and shortcomings and the decision to include them in the sensor suite of an
AV depends on the application as well as the type of challenges that are aimed to be
tackled.

2.3.3 Radar

Radar sensors, short for Radio Detection and Ranging, operate on principles similar
to those of LiDAR systems. They emit electromagnetic waves at a specific frequency
from the transmission antenna or antenna arrays. These waves are reflected by the
obstacles present in the surrounding environment which cause changes in transmitted
signal properties, such as phase shifts or modulation frequency. Upon returning to the
sensor, signal processing modules analyze these changes to extract information, including
the location and velocity of objects. Traditionally, Radar systems were large and heavy,
making them unsuitable for mobile applications. However, advancements in technology
have enabled cost-efficient and lightweight implementation of both Radar hardware and
techniques that make it suitable for AV use.

Among these advancements, Frequency Modulated ContinuousWave (FMCW) Radars
have emerged as a notable development. Building on foundational research [267,294,295],
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FMCW Radars offer significant advantages, including cost-efficiency, effective detection
capabilities, and low hardware requirements. These features have contributed to their
growing popularity in the field of autonomous vehicles [2, 373]. FMCW Radars’ oper-
ating wavelength is in the millimeter range which has its own benefits and drawbacks.
Due to their wavelength of operation, Radars are low in spatial resolution which makes
it challenging for tasks such as object classification. However, with a greater detection
range and far more robustness to adverse weather conditions such as heavy rain, snow, or
fog, compared to cameras and LiDARs, they can be advantageous in numerous scenarios
as a complementary modality [254]. Additionally, illumination and lighting conditions
do not affect their functionality, therefore, there will be no degradation of performance
at nighttime. Despite these benefits, Radar sensors are still considered under-explored,
compared to cameras and LiADR. Therefore, further study is required for the develop-
ment of more mature Radar-aided models to address perception challenges. Examples
of Radar-inclusive datasets are given in Table. 2.12 and a comparative analysis of the
camera, LiDAR, and Radar sensors are depicted in fig. 2.2.

2.3.4 Ultrasound

Exploiting mechanical waves, Ultrasound sensors have a similar working principle to Li-
DARs and Radars. By sending out high-frequency sound waves and measuring to total
round-trip time of the wave, the distance to objects can be measured. However, due to
the inherent properties of mechanical waves, they can be easily affected by changes in
temperature, atmospheric pressure, and the humidity of a place. Compared to the propa-
gation speed of electromagnetic waves through free space, approximately 3×108m/s, the
propagation speed of sound through air, approximately 330m/s, is far less. Therefore,
this limits the application of ultrasound sensors to low-speed and near-range scenarios
like automatic parking systems [133], which are already exploited in modern vehicles
nowadays.

2.3.5 GNSS and IMU

Unlike the previous sensing modalities, which were mostly used for local scene under-
standing, GNSS-related sensors are mostly used for localization purposes. According to
the EUSPA, GNSS (Global Navigation Satellite Systems) refers to a system of satellites,
with a global coverage, that provides geo-spatial information such as position and time.
GNSS instances of regional positioning systems are the USA’s GPS, Europe’s Galileo and
Russia’s GLONASS [128]. GPS sensors are commonly used to find global positioning
parameters of the ego-vehicle, dubbed latitude and longitude, and in some applications
are jointly used with HD maps for predicting the path of other entities on the road and
also planning and navigating the ego-vehicle [21]. Moreover, Inertial Measurement Units
(IMU) also provide information about the ego-vehicle states rather than the surrounding
environment. Information such as body acceleration, rotation rates, and magnetic field
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Detection Range

Spatial Resolution

Spatial Sample Density

3D shape acquisition

BEV Information

Robustness to Adverse
Weather Conditions

Robustness to Illumination

Cost-Efficiency

RGB Camera LiDAR Radar

Figure 2.2: Critical comparison of camera, LiDAR, and Radar sensors with respect to
their key features including detection range, spatial resolution, spatial sample density
(as opposed to sparsity), 3D shape acquisition, bird’s-eye view (BEV) information, ro-
bustness to adverse weather conditions, robustness to illumination, and cost-efficiency.

measurements are captured by the micro-accelerometers and micro-gyroscopes [1] which
then can be used for localization and state-estimation purposes with GPS data as the
counterpart. The information provided by the IMU unit is essential to AD development.
It is the backbone for most of the sensor calibration, synchronization, and fusion meth-
ods and plays a vital role in the accurate perception and decision-making of self-driving
vehicles [117,118,323].
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2.4 Perception Dataset

The performance of a perception model depends on many factors, among which data
quality plays an important and pivotal role. In learning-based approaches, the efficacy
of the models heavily relies on the data used for training, impacting their ability to
generalize, handle diverse scenarios, and maintain robustness. Therefore, the availability
of well-organized and diverse datasets is essential as they are valuable resources to study
the ways to tackle the challenges of autonomous driving. Researchers have put forward
effort to collect useful data in various ways and build datasets while having the needs of
autonomous driving in mind.

Many datasets and benchmarks have been gathered and organized in the literature
[133, 144, 357, 373] and are often accompanied by critical analysis and suggestion for
relevant applications. In this section, the focus is put on a number of relatively more
recent datasets suitable for perception tasks. These datasets have gained popularity in
the research community due to the unique properties they bring to the table that make
them suitable for addressing specific challenges.

2.4.1 BDD100K

University of California, Berkeley introduced a large-scale diverse dataset dubbed as
BDD100K [355]. This dataset is built on over 100,000 video clips recorded by Nexar
dashcam at 720p resolution and 30 frames per second. It comes in 1.8TB of volume
and unlike many past datasets that were limited to only one city or at a certain period
of daytime, BDD100k offers recordings in a wide variety of conditions. The videos are
collected in four different cities in the USA, New York, Berkeley, San Francisco, and
the Bay Area. The dataset also contains approximately the same number of daytime
recordings as nighttime and considers different weather conditions, such as clear, partly
cloudy, overcast, rainy, snowy, and foggy. The variety of recording conditions allows the
research community to explore a more general and realistic domain compared to previous
datasets. BDD100K data can be used for a variety of perception tasks such as object
detection, segmentation, and the applications of drivable area and road detection, object
tracking, and image tagging.

2.4.2 ApolloScape

ApolloScape is a large-scale dataset designed for various autonomous driving tasks [163].
This dataset includes over 140,000 RGB video frames, dense labeled 3D point clouds,
and depth maps generated for each image frame which creates pixel-level depth annota-
tion. Utilizing video cameras and LiDARs, the data was recorded in the various urban
areas in China, capturing various traffic conditions with objects ranging from small to
large, pedestrians, motorcycles, and bicycles. The 2D object labels on the video frames
can be used in object detection and tracking tasks. The recordings encompass differ-
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ent weather conditions and extreme illumination scenarios, making the dataset suitable
for studies under challenging conditions. One of the unique features of this dataset is
its extensive semantic-level annotations which cover 25 object categories, making it an
excellent resource for segmentation-related studies. Additionally, there are 28 classes
of lane markings labeled, which, combined with high-definition maps, can be used as a
backbone for road detection/segmentation and auto-driving and navigation tasks.

2.4.3 The Oxford RobotCar Dataset

This challenging large-scale dataset comes in two parts. The first part of The Oxford
RobotCar Dataset is built with a focus on long hours of driving conditions [214]. Data
collection was performed over the period of one year in central Oxford, UK. For data
collection, the platform vehicle traveled a designated route repeatedly which resulted in
capturing the variant nature of the urban environments. As a consequence, collected
data is rich and diverse in the sense of weather conditions as well as time of the day. As
opposed to uni-modal datasets, the Oxford RobotCar platform vehicle was mounted with
6 cameras, LiDARs, GPS, and INS sensors which enables the platform vehicle to acquire
360-degree visual coverage, 2D and 3D scans, and accurate positioning information.

The second part of this dataset was released in 2019, recorded in the same setting as
the first part, encompassing a volume of 4.7TB of data [26]. However, the second part
builds upon the first part and adds azimuth-range Radar scans. The platform vehicle
comes fairly with the same sensory setting with the addition of an mm-wave Radar.
Adding the new modality to the sensor suite, the dataset targets a broader audience
of researchers who are seeking to exploit Radar benefits in perception systems. This
approach has recently gained popularity in the community.

Overall, this multi-modal dataset is a valuable contribution to the research commu-
nity for studying challenges in the object detection and tracking, semantic segmentation
domains, particularly, for those focusing on modality-fusion-based solutions under differ-
ent weather conditions.

2.4.4 NuScenes

The nuScenes dataset, a recent addition to the AD field, offers a large-scale and com-
prehensive collection of multi-modal recordings. The data is gathered in the urban envi-
ronments of Boston and Singapore to capture their well-known heavy and complicated
traffic conditions [80]. It features an all-encompassing sensor suite including 6 cameras,
5 radars, and 1 lidar, providing 360-degree coverage in all modalities, as well as GPS and
IMU data for accurate localization and positioning information. This dataset comprises
around a thousand 20-second video snippets called scenes and each recorded scene is
further broken into keyframe samples and intermediate-frame samples also referred to as
sweeps. The keyframe samples are fully annotated with 3D bounding boxes across 23
object classes and support various weather and daytime conditions.
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In multi-modal datasets, one challenge arises from the synchronization issues in the
sensor suite, as not every sensor operates at the same sampling frequency. To this end, the
sample frame portion of the dataset is collected where every sensor recording is timely
aligned across different modalities. Additionally, in the SDK offered by the authors,
linear interpolation is adopted to regress the bounding boxes for sweep frames that reside
between each two sample consecutive frames. All in all, the nuScenes dataset serves
as a valuable resource for perception tasks like 3D object detection and tracking, and
segmentation, as well as non-perception tasks like motion and trajectory prediction. This
dataset supports studies in sensor fusion fields and challenging environmental situations
such as adverse weather and nighttime.

2.4.5 Waymo Open Dataset

As a large multi-modal dataset, Waymo Open dataset is introduced with a focus on the
quality of data and the diversity of conditions [299]. One of the issues that researchers find
challenging in working with multi-modal datasets, is the lack of consistency or synchro-
nization of data acquisition among sensors. In the Waymo Open dataset, synchronization
and sensor calibration schemes are used to ensure data consistency between data points,
which is one of the advantages compared to the others. Similar to the recently released
datasets, the Waymo Open dataset cares for diversity and includes recorded data from
six different geographic locations in the US, in a wide variety of environmental, daytime,
and weather conditions.

This dataset can be divided into two partitions called the Perception and the Motion
sets. The data belonging to the perception set is collected with a sensor suite of five
high-resolution cameras and four short-range and one mid-range LiDARs the result of
which is in the format of 20-second long clips recorded from more than 2000 scenes.
On the other hand, the same combination of LiDARs accompanied by eight cameras
was used to record more than 570 hours of data for the purpose of motion forecasting
and trajectory prediction tasks. It includes sequences of vehicle poses and associated
timestamps, along with annotations that predict the future trajectories of objects in the
scene [249]. This dataset supports the development and testing of advanced perception
algorithms, path planning, sensor fusion techniques, and behavior prediction models.
By offering data captured under various weather conditions and lighting scenarios, the
Waymo Open Dataset is a valuable source in adverse weather studies.

2.4.6 Argoverse

The Argoverse dataset comes in two parts namely, Argoverse1 and Argoverse2. The
initial Argoverse dataset was recorded in Pittsburgh and Miami to account for distinct
local driving habits and challenges [88]. Furthermore, the dataset is diverse in times
of day and weather conditions as it is recorded across various seasons. The platform
vehicle is equipped with 7 ring cameras, 2 forward stereo cameras, and 2 LiDARs which
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are mounted on the roof. The dataset contains three types of maps, 3D annotations
for tracking, and vehicle trajectories. Consequently, 3D object detection and tracking,
segmentation, and scene parsing into roads, sidewalks, and vegetation as well as motion
and behavior prediction are among the applications the dataset caters to. Moreover,
Arogverse2 builds upon Argoverse1 by expanding its properties and offerings [327]. The
second version comes in four partitions which are called, the Sensor Dataset, LiDAR
Dataset, Map-change Dataset, and Motion Forecasting Dataset. It is recorded in 6
different cities and is far larger in volume of samples and scenes compared to its prior
version.

It is noteworthy to mention that class imbalance is a well-known issue among learning
algorithms. When one class of data significantly outnumbers the others in a dataset, it
can lead to biased models that perform poorly in predicting the minority class. To this
end, the Sensor Dataset, which covers about 1000 scenes coupled with HD maps, has
been organized in a way to fight off skewness in the class distributions. Additionally,
the Arogverse2 LiDAR Dataset includes more than 20,000 scenes that carry HD maps
and can be considered one of the largest open-source collections. It can be beneficial in
research related to performing self-supervised learning with LiDARs. The map change
dataset consists of HD maps, with two hundred scenarios that have recorded changes in
real-world environments. The Motion Forecasting Dataset includes over 250,000 scenarios
with a span of 11 seconds and 10 non-overlapping classes of static and dynamic actors.

2.4.7 PixSet

LeddarTech Holding Inc. introduced their publicly available dataset named PixSet in
2021 to help with solving sensing, fusion, and perception challenges [121]. The sensor
suite used for data collection includes four cameras, one solid-state flash LiDAR, one
mechanical LiDAR, and one FMCW Radar which are all closely positioned on the plat-
form vehicle. These sensors are accompanied by IMU and GPS sensors for tracking
and odometry purposes. The notable innovation of this dataset is the inclusion of full-
waveform data from the solid-state flash LiDAR, in contrast to the common point cloud
format. The sensor captures two waveforms for each channel of every frame, with one
being high-intensity and the other a quarter of that intensity, effectively expanding the
dynamic range of the sensor. This feature mimics the behavior of high-dynamic range
imagery in cameras, which is accomplished by blending images captured at different
exposure levels.

The data recording is done in high-density urban areas of Quebec City and Montreal
during summer. The dataset comes in almost 29,000 frames and 20 object categories
with 3D bounding boxes. It features various city locations, normal and cloudy weather
conditions, and a portion of rainy scenes, predominantly during the daytime with some
nighttime footage. This dataset supports a range of applications including object detec-
tion, full-wave LiDAR research, depth estimation, and sensor fusion studies.
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Table 2.2: Summary of the sensor suite, key features, and the applications of the discussed
publicly open datasets for autonomous driving. In this table, C, L, and R correspond to
Camera, LiDAR, and Radar, respectively.

Dataset
Sensors

Key features Application
C L R

BDD100K ✓

· Front view RGB images
· Diverse in:

Weather conditions
Time of day
Location

· Detection
· Segmentation
· Object Tracking

ApolloScape ✓ ✓

· 360◦ coverage
· Diverse in:

Weather conditions
Illumination conditions
Location

· Lane markings
·Semantic label of 25 classes

· Detection
· Segmentation
· Object tracking
· Auto-driving
·Fusion models

Waymo Open
Dataset

✓ ✓

· Multiple datasets
· 360◦ coverage
· Diverse in:

Weather Conditions
Time of day
Location

· Detection
· Segmentation
· Motion forecasting
· Fusion Models

Argoverse 1&2 ✓ ✓

·Multiple datasets
· 360◦ coverage
· Balanced classes in Argoverse2
· Diverse in:

Weather Conditions
Seasons
Time of day
Location

· Detection
· Segmentation
· Out-dated map
detection

· Motion forecasting
· Fusion models

DENSE ✓ ✓

·Multiple datasets
· 360◦ coverage
· Including

Gated Cameras
Thermal Cameras
Stereo Cameras

· Diverse in:
Weather Conditions
Time of day
Location

· Detection
· Depth Estimation
· Image Enhancement
· Weather Condition
· Fusion models
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nuScenes ✓ ✓ ✓

· Multiple datasets
· 360◦ coverage
· Diverse in:

Weather Conditions
Time of day
Location

· Detection
· Segmentation
· Object tracking
· Motion forecasting
· Fusion models

Oxford Robot-
Car

✓ ✓ ✓

·Multiple datasets
· 360◦ coverage
· Range-Azimuth Radar Scans
· Diverse in:

Weather Conditions
Seasons

· Detection
· Segmentation
· Fusion models

PixSet ✓ ✓ ✓

· Full waveform LiDAR data
· 360◦ coverage
· Diverse in:

Weather Conditions
Time of day
Location

· Detection
· Fusion models
· Full wave LiDAR

research

2.4.8 DENSE

The DENSE project is a comprehensive collection of datasets, each with its unique fea-
tures, to facilitate the studies on weather condition impacts on perception systems from
different aspects. One segment, Gate2Depth, provides researchers with images recorded
by low-cost CMOS gated cameras that are transformed into depth maps that achieve
high resolutions comparable to LiDARs [143]. Another component, Seeing Through Fog,
is introduced for object detection purposes [33]. It includes different weather conditions
recorded in real-world scenarios and simulated in weather chambers. Different camera
types and a LiDAR build up the sensor suite used for data collection. This dataset is a
rich resource for researching signal enhancement and fusion algorithms. Complementing
this dataset is an extension, Gated2Gated, that includes temporal gated imaging data
which provides depth information and detailed scene annotation [316].

Another partition is named Pixel Accurate Depth Benchmark provides an evaluation
benchmark platform for depth estimation tasks. Mono and stereo camera setups and
a LiDAR scanner are used for data collection [142]. The final segment of the DENSE
project is a dataset dedicated to the study of enhancement algorithms for image data,
known as Image Enhancement Benchmark. This dataset addresses the inadequate avail-
ability of realistic data under different weather conditions by providing a novel bench-
mark. It consists of images captured under controlled real weather conditions within a
weather-controlled chamber, complemented by relevant evaluation metrics. [36].

This group of datasets supports diverse studies in object detection by providing
detailed environmental information, including weather and road conditions. They are
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valuable for depth estimation and mapping, image enhancement methods, and sensor
fusion research. The datasets offer extensive sensor suites and cover a variety of weather
conditions, enabling comprehensive analysis and development of robust algorithms for
autonomous vehicles.

2.5 Perception Tasks

The first stage of tasks that a self-driving vehicle is required to perform are those to
understand the surrounding environment. These tasks are often called perception tasks,
the representative examples are brought in figure 2.1. More precisely, during the percep-
tion phase, the vehicle uses the raw data gathered by its sensors and processes them to
identify both static and dynamic entities in the environment. Information such as the
type of the road participants, which could be a pedestrian or another vehicle, as well as
their properties such as velocity and their location with respect to the ego-vehicle is often
of interest. Moreover, for an AV to perform safe navigation on the streets, is it essential
to detect the driving lanes and drivable areas as well as the traffic signs to abide by the
traffic rules. Identifying the mentioned parameters is often a challenging task, especially
because of the dynamic nature of the environments. Therefore, to study and address the
complex problem of perception, it is broken into several small tasks allowing researchers
to tackle them individually and one at a time.

In this section, the focus will be put on the most essential tasks, their respective
challenges, and various methods proposed to overcome these challenges. The reader must
note that, although these tasks will be defined distinctly, many models demonstrate the
capability of performing more than one task.

2.5.1 Object Detection

Object Detection in the context of AV is the act of locating instances of objects in a
scene observed by the sensors mounted on the car. The goal is not only the recognition
of object categories present in the observed frame but also to precisely locate them by
drawing a fitting bounding box. This task is commonly performed on images taken by
cameras. However, cameras are not the only sensors used for this purpose. LiDARs,
second to most popular, and Radars, recently gaining popularity, are other modalities
that can be used to detect the objects around the ego-vehicle, each of which has its
advantages and drawbacks. In that direction, different approaches are adopted and a
variety of models are designed to perform detection. The object detection problem is
mainly addressed in two ways, namely, 2D and 3D object detection. The approaches
are different and can be mostly categorized into different groups with respect to the
combination and types of sensor modalities they use to acquire and process data. Some
models have only used a single modality whereas some have come up with multi-modal
solutions. A summary of the main idea, challenges, and application of object decision
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Figure 2.3: Examples of perception tasks. The original image in the background is
adopted from [231] and modified regarding our desired presentation purposes.

tasks is provided in Table 2.3.

2D Object Detection

2D object detection is the problem of localizing object instances in a given frame by
drawing an enclosing 2D bounding box accompanied by an object category. These 2D
bounding boxes typically are determined in two distinct ways one of which is to specify
a bounding box by its four corner points. The other method uses the center point (x,y)
of the rectangle with the width and height as well as a rotation angle. Each of the
definitions is used in the literature depending on the application, however, the latter is
more popular. 2D object detection is a well-studied problem in the field of computer
vision and has been mainly adopted for upright images captured by front-faced cameras.
A summary of the main idea, challenges, and application of object decision tasks is
provided in Table 2.3. YOLO is one of the most well-known algorithms that perform in
real-time. The input image is divided into grid cells and with the help of a convolutional
neural network (CNN) scheme, feature maps are extracted and bounding boxes and class
scores are regressed [258, 259]. The Single Shot MultiBox detector (SSD) model focuses
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Table 2.3: Overview of the object detection tasks, respective challenges, and their appli-
cations.

Approach Main Idea Challenges Application

2D Object
Detection

Identification and localization
of object instances within an
image using bounding boxes in
a 2D space accompanied by a
detection confidence score.

Lack of depth informa-
tion, Detection of oc-
cluded objects in front-
view images, Sensitiv-
ity to illumination and
weather conditions.

Road participants detec-
tion (pedestrian, cars,
bus, etc.), Traffic sign and
signal recognition, Lane
detection

3D Object
Detection

Identification and localization
of objects in a 3D space, often
using data from multiple sen-
sors (LiDAR, Radar, and cam-
eras) accompanied by depth
and rotation information.

Computational com-
plexity, Proper sensor
fusion method, Sensitiv-
ity to illumination and
weather conditions

Road participants de-
tection (pedestrians,
cars, buses), Obstacle
detection (traffic cone,
barrier), Parking assis-
tance, 3D environment
mapping.

on multi-scale feature map extraction which enables the algorithm to detect objects of
different sizes more accurately [203]. Even though SSD is slower in performance compared
to the YOLO models, it can localize objects more accurately and detect small objects
better. Being able to keep a fair balance between speed and accuracy, SSD is used as the
head module (detector) in various more complex detection algorithms [184,284,340,363].
Moreover, the proposal of the Regional-based Convolutional Neural Networks (R-CNN)
family revolutionized the computer vision community. The first model was introduced
in 2014 and was a two-stage object detector [138,139,262]. This approach first generates
proposals of the regions with the probability of being occupied by object instances using
a selective search algorithm. Then, using CNNs, features are extracted from the regions
of interest (RoI) and further processed to refine bounding boxes and regress class scores.
The two-staged algorithms are generally more accurate than the single-staged ones such
as SSD and YOLO, however, they are more computationally expensive due to their
architecture.

Furthermore, with the emergence of LiDAR and Radar technologies and the inclusion
of LiDAR point clouds and Radar scans in datasets, many researchers have extended 2D
object detection to 3D object detection and bird-eye-view (BEV) plane, that is a view
of the XY-plane from the top. There are many mature LiDAR-based and multi-modal
learning models and they mostly focus on 3D object detection from LiDAR point clouds
which will be discussed next. However, there are some key ideas used for 2D object
detection inspired by the working principle of these sensors.

Azimuth-range maps recorded by Radars are typically continuous and useful for local-
izing and estimating the velocity of objects [110,189,356]. For instance, one study [356]
uses a Frequency Modulated Continuous Wave (FMCW) Radar exclusively for object
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detection. The raw Radar data is pre-processed to create Radio Frequency (RF) images,
with data from all chirps in a frame merged using an M-Net-based network, and Gaussian
noise added to mitigate overfitting. The final output, a confmap, is generated through a
RODNet backbone and processed by an inference module employing location-based non-
maximum suppression to produce detection results. While Radars excel in challenging
conditions like rain or snow, they are limited by poor spatial resolution, which restricts
them from inferring distance, angle of arrival (AoA), and velocity but not the type or
shape of objects. To address this, many researchers have adopted multi-modal approaches
that integrate at least two different types of sensors. Additionally, some have focused on
analyzing false positives caused by ”Ghost Objects” in Radar point clouds [178]. Using a
large-scale automotive dataset [274] with annotated ghost objects, they demonstrate the
effectiveness of their method in detecting both ghost and real objects and show promise
in reducing false positives caused by ghost images.

While traditional 2D object detection is rare in LiDAR-based algorithms, which usu-
ally focus on 3D detection using point cloud data, some fusion models enhance per-
formance by combining information from multiple modalities. These models integrate
Radar data with other sensors, such as cameras or LiDARs, to boost overall accuracy and
robustness. For instance, the RadarNet algorithm [342] employs a fusion approach com-
bining LiDAR and Radar data to detect objects, estimate velocities, and associate these
velocities with the detected objects. This deep fusion model uses early fusion to merge
the two data streams, which are then processed by a backbone network to generate fea-
ture maps. These feature maps are input to a fully convolutional detection head, which
provides 2D velocity estimates along with classification and bounding box regression. To
address ambiguity in Radar velocity estimation, the model uses an attention mechanism
to align the radial velocities from Radar with those estimated during detection, followed
by an aggregation step to refine and produce a robust final output.

To address the low spatial resolution of Radar sensors while leveraging their long-
range and penetrative capabilities, researchers have combined them with cameras as com-
plementary modalities [110, 189, 304, 361]. For example, one study [86] utilizes Radar’s
long-range detection to enhance distant object detection in frontal views. The study
employs a simple fusion scheme where Radar complements the primary camera sensor.
The model, based on ResNet blocks [151], processes Camera and Radar streams sepa-
rately before concatenating them for feature extraction and further processing through
ResNet blocks connected to detection heads. This approach shows performance im-
provements over camera-only systems, particularly for small or distant vehicles. Another
method [221] enhances performance and addresses bottlenecks in Region Proposal Net-
works (RPN) by using Radar data to estimate the depth and velocity of objects, which
informs the region proposal process. By incorporating Radar-derived information as prior
knowledge, this method improves the model’s focus on high-probability object regions,
demonstrating the effectiveness of integrating Radar data.
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Table 2.4: Overview of the attributes, strengths, and performance remarks of methods
proposed for 2D object detection.

Ref Sensor Main Idea Contributions Remarks

[258,
259]

C A CNN divides the input image
into grid cells to regress bound-
ing boxes and class scores for
real-time detection.

Extremely fast with a uni-
fied architecture that gen-
eralizes well.

Higher localization errors,
sacrificing accuracy for
speed.

[203] C A single deep neural network
predicts bounding boxes and
class scores directly from multi-
scale feature maps.

Fast and efficient perfor-
mance, making fewer er-
rors by handling objects of
various sizes.

Less accurate than two-
stage detectors.

[138,
139,
262]

C Introduces Region Proposal Net-
works (RPN) to generate ob-
ject proposals by sharing features
with the detection network.

More accurate than
single-stage detectors
with nearly cost-free
region proposals.

Computationally expen-
sive and slower than
single-stage detectors.

[356] R Uses FMCW Radar to transform
raw Radar data into RF images,
merging data for enhanced ob-
ject detection.

Effective in adverse
weather conditions with
enhanced robustness.

Poor spatial resolution, of-
ten requiring multi-modal
approaches.

[178] R Focuses on detecting and reduc-
ing ghost objects in Radar point
clouds which occur due to reflec-
tion of EM waves.

Reduces false positives us-
ing a state-of-the-art clas-
sifier.

Dependence on the scope
of the dataset and the
auto-labeling system.

[342] LR Integrates Radar and LiDAR
data with voxel-based early fu-
sion and attention-based late fu-
sion for enhanced detection.

Improves long-distance
detection and addresses
Radar’s noise issues.

Unknown computational
demand of the hybrid fu-
sion approach.

[86] RC Enhances object detection per-
formance by integrating Radar
data with camera images, espe-
cially for distant objects.

Improves overall perfor-
mance and the detection
of distant and small ob-
jects through data fusion.

Potential noise in auto-
matically generated labels
and requiring more ad-
vanced Radar representa-
tion.

[221] RC Leverages Radar data to prior-
itize regions with higher object
likelihood, improving both speed
and accuracy.

Significantly faster and
more precise than tradi-
tional region proposal al-
gorithms.

Limited by the accuracy
of Radar detections due to
the dependence of propos-
als on Radar targets.

[189] RC Enhances RODNet’s pedestrian
detection accuracy using a
generative model-based target-
location algorithm.

Improves detection accu-
racy and recall signifi-
cantly in dense situations.

Need for calibration
method for position esti-
mation and modification
for the feature extraction.
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3D Object Detection

3D and 2D object detection share similarities in problem formulation, object localization,
and classification tasks. However, in the context of 3D detection, objects are localized
using bounding cubes defined either with their corner points or with center points (x,y,z)
accompanied by width, length, height, and a rotation angle around the three axes. This
localization relies on various sensors. Cameras, LiDARs, and Radars are utilized, each
offering unique attributes to derive the properties of objects. Consequently, three main
approaches emerge: image-based, point cloud-based, and fusion-based methods. An
overview of uni-modal and multi-modal approaches is provided in Table 2.5 and Ta-
ble 2.6. Image-based methods are highly popular for object detection using cameras, as
they utilize rich visual data. Among these, monocular algorithms are cost-effective and
capable of estimating depth information during inference [204, 319, 366]. For example,
the MonoPSR architecture [181] improves 3D prediction accuracy through a two-stage
approach. Initially, feature maps are extracted from the input frame and used for early
2D predictions. These maps then facilitate proposal generation and pseudo-point cloud
estimation, refining the final detection results. Another study [206] addresses the limi-
tations of 2D region proposals by using key points 3D object centers projected onto the
image plane—to refine 3D bounding boxes, thus enhancing detection accuracy. Addition-
ally, ImVoxelNet [271] explores the benefits of multi-view images by accepting multiple
RGB images, extracting features from each, and projecting them into a 3D volume. This
approach uses the 3D volume in subsequent convolutional layers to regress final bounding
boxes.

On the other hand, point cloud-based methods have proven to be helpful as they
maintain the 3D representation of objects that are sampled and stored in a format of 3D
point clouds. The most commonly used sensors for point cloud sensing and collection
are LiDARs. Fusion-based algorithms aside, the next more accurate models are mainly
LiDAR-based [80]. In the early stages, the main approach for object detection with
point clouds was to identify point clusters which in turn would be introduced as object
candidates [122, 155]. However, learning algorithms, specifically in the image domain,
became a source of inspiration for point cloud object detection after their emergence.

Unlike images, point clouds consist of 3-dimensional points, making traditional 2D
methods unsuitable for direct application. As a result, researchers have employed volu-
metric convolution layers to extract information from voxelized input frames [248, 332].
However, 3D convolutions are computationally more intensive than 2D convolutions,
leading to performance bottlenecks. To address this, some studies have projected 3D
points onto a Bird’s Eye View (BEV) plane, leveraging established image-domain tech-
niques for feature extraction [95, 196]. Additionally, other research has focused on the
sparsity of point clouds, developing handcrafted features and novel convolution methods
to enhance computational efficiency [127,140,317].

State-of-the-art methods build on past innovations to tackle challenges and enhance
performance [184, 210, 346, 375]. For example, [349] introduces a two-stage architecture
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that represents and detects objects as points. This method employs a standard 3D
backbone for feature extraction, with a CNN detection head in the first stage for object
detection and bounding box regression. In the second stage, MLP layers refine box re-
gressions and produce confidence scores. SECOND [341] addresses the low performance
and high complexity of voxel-based 3D convolutions by using an improved sparse convo-
lution layer, significantly speeding up training and inference, and incorporating a novel
angle loss regression to enhance 3D bounding box orientation estimation. Additionally,
the use of transformers for 3D detection has been explored [23,130,216,359]. For instance,
FocalFormer3D utilizes transformers to enhance prediction performance by focusing on
challenging objects [96]. The pipeline extracts feature heatmaps at various resolutions,
which are encoded for object queries, and employs a transformer decoder with self and
cross-attention mechanisms for improved prediction.

The third popular approach in this field is fusion-based models, which leverage data
from multiple modalities to address the limitations of each individual sensor. This
method enhances accuracy and robustness, particularly in challenging conditions like
sensor failures or poor illumination. Fusion can occur at various stages: early fusion
combines data at the pixel level from the start, late fusion merges results after several
processing stages, middle fusion integrates feature representations for further processing,
and deep fusion involves multiple integration points throughout the architecture [133].
Each fusion strategy, such as addition, concatenation, or cross-attention, is selected based
on the specific requirements of the application.

The Camera and LiDAR combination is a prevalent approach in object detection that
benefits from the high spatial resolution of cameras and the depth and texture informa-
tion from LiDARs [23,207,245,325,339,347]. For example, [246] introduces a three-stage
model primarily using RGB input, supplemented by LiDAR depth data for 3D classifica-
tion and localization of Cars, Pedestrians, and Cyclists. The first stage applies a 2D CNN
to RGB images for detection and classification, then incorporates depth information to
create frustum proposals. Instance segmentation is carried out in the second stage using
PointNet [247], followed by 3D box regression via T-Net. A limitation of this approach
is its sensitivity to lighting and occlusions, as the object detector relies solely on RGB
inputs. FusionPainting, proposed by [337], improves upon this by adaptively fusing Cam-
era and LiDAR data using an attention mechanism. The method processes RGB images
and LiDAR point clouds separately, then learns an attention mask to integrate the data
at the semantic level for 3D detection. Additionally, [197] explores a Deep Paramet-
ric Continuous Convolution approach that continuously fuses image features with BEV
frames at various resolutions, culminating in predictions from a detection header. The
AVOD method, described by [179], employs a two-stage LiDAR-Camera deep fusion ar-
chitecture to enhance the detection of small road objects. It performs high-resolution
feature extraction and fusion in the first stage, and merges image and BEV proposals in
the second stage, refining 3D bounding boxes and classification results through an FCN.

Radar sensors have gained popularity recently due to their long-range detection and
reliability, as detailed in Section-2.3. Researchers have explored various roles of Radar
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in object detection [170,185,328]. For instance, [223] introduces a Camera-Radar fusion
scheme for 3D object detection, utilizing a frustum-based expansion of Radar detections
to the object’s center point on the image plane. CenterFusion employs a middle-fusion
approach, integrating feature maps from both image and Radar streams to refine pre-
dictions. Another study presents CRN, which utilizes images from multiple views and
Radar points for feature extraction [173]. The image features are converted to BEV co-
ordinates, guided by Radar measurements, and combined with BEV view feature maps
to enhance semantic information. Additionally, [233] combines transformer layers with a
middle-fusion scheme. Radar points and multi-view images are initially processed sepa-
rately, and decoder layers create and refine attention masks based on object queries from
the Radar stream. The final output is produced by a detection head.

Furthermore, some researchers have explored LiDAR-Radar sensor combinations,
however, this field is still underexplored. While camera images provide rich semantic
information, they are affected by illumination conditions, whereas LiDAR and Radar sen-
sors function independently of ambient lighting. These sensors are inherently compatible
and offer advantages in various scenarios [254,282]. RadarNet is a deep-fusion framework
that constructs BEV frames from separately rasterized LiDAR and Radar inputs, which
are then concatenated for feature extraction at multiple resolutions [343]. This early-
fusion approach incorporates both geometric properties and temporal information. The
final predictions, including velocity estimations, are derived using a cross-attention-based
late fusion mechanism. Additionally, research has addressed sensor failure challenges in
fusion models with a modality-agnostic learning scheme for vehicle detection [191]. This
approach extends beyond ideal sensor conditions to handle noisy or missing data and
sensor failures during the Radar and LiDAR fusion process. It employs a Teacher-
Student model comprising two modules: the Teacher, which uses reliable data, and the
Student, which processes inputs with missing Radar and LiDAR data. Both modules
feature encoders for each sensor stream, and their outputs are fused using self-attention
and cross-attention blocks before being processed by a detection head for bounding box
predictions. Training occurs in two phases: initially, the Student model learns from an-
notated data to train the Teacher module, and subsequently, the Student benefits from
the Teacher’s predictions, with the Teacher updated via an exponential moving aver-
age. This method builds on MVDNet [254] and demonstrates improved performance,
showcasing the effectiveness of the novel framework.

Lastly, some methods utilize additional information sources such as ground maps [161,
344, 377] or integrate all three main modalities (Camera, LiDAR, Radar) [154, 350] to
achieve superior performance. For instance, [195] developed a two-stage real-time model
that performs 2D and 3D object detection, ground detection, and depth completion. This
model begins with ground mapping using LiDAR point clouds to create BEV representa-
tions, which are then used in a dense fusion module. Depth completion is accomplished
using image data and projected LiDAR depth information. This combination of road
geometry, depth information, LiDAR, and Camera data enables the model to perform
single-shot detection for high-quality 3D proposals, followed by RoI fusion for precise
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2D and 3D bounding boxes. Another approach, proposed by [123], presents a modular
fusion-based architecture combining Camera, LiDAR, and Radar for 3D object detection
up to 225 meters away. The first module employs separate FPNs for each sensor to
extract modality-specific features. These features are then transformed into the same
BEV coordinates and aligned before being fused into a single feature map. The final
detection head uses this fused map to produce 3D bounding boxes and classification re-
sults. The modular design offers flexibility, allowing for various BEV translation schemes,
fusion methods, and sensor combinations. A novel study addresses limitations in cur-
rent methods by managing uncertainties in categories and bounding box locations [257].
The researchers propose a Bayesian Neural Network and compare it with a Deep Neural
Network to demonstrate its superior performance. Their single-stage architecture uses a
deep-fusion approach, integrating camera, LiDAR, and Radar inputs for final detections.

2.5.2 Segmentation

Segmentation is a critical approach that enables autonomous vehicles to perceive their
environment by obtaining fine contextual information and assigning pixel-level labels to
the input frame. There are three main types of segmentation methods, namely Seman-
tic, Instance, and Panoptic segmentation. At a normal traffic junction, the semantic
segmentation method searches the scene for predefined classes of objects, and upon de-
tection, all the pixels that are associated with the detected objects gain the same label
or the class ID, typically illustrated with colored masks. For instance, all cars might be
masked with one color, all pedestrians with another, and so on. Instance segmentation,
on the other hand, also assigns different labels to the instances within the same class.
For example, all detected cyclists who belong to the class of cyclists are annotated with
different labels. Panoptic segmentation combines both previous approaches in one and
parses the scene of interest to semantic-level masks with instance-level annotations [126].
A summary of the key features, challenges, and applications of different segmentation
tasks is provided in Table 2.7.

The most commonly used sensors for these tasks are different types of cameras [287,
302], LiDARs, and a combination of these sensors. Furthermore, early segmentation
methods predominantly relied on low-level visual properties and handcrafted features [79,
183,286,296]. However, the emergence of learning algorithms has enabled models to learn
and extract complex features without previous design limitations, significantly advancing
the field. To support and facilitate the research in this field, many datasets have been
collected [29,80,100,177,226,355].
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Table 2.5: Overview of the attributes and strengths of uni-modal 3D object detection
methods with relevant performance metrics reported in percentages.

Ref SensorMain Idea Strengths Performance

[319] C Proposes a monocular 3D object detec-
tion framework that maps 3D targets to
the image domain and decouples them
into 2D and 3D attributes.

Achieves high performance
cost-effectively by avoiding
complex 2D-3D correspon-
dence.

nuScenes dataset mAP=
35.8, NDS= 34.2.

[204] C Integrates 3D position information into
image features for multi-view 3D ob-
ject detection, levaraging 3D position-
aware features to achieve state-of-the-
art performance.

Achieves top performance on
nuScenes, provides an efficient
method to integrate 3D posi-
tion into 2D features.

nuScenes dataset mAP=
43.4, 49.0; NDS= 48.1, 58.2

[206] C Directly predicts 3D bounding boxes
from image data using a keypoint-
based approach and bypassing the need
for 2D region proposals.

Simplifies the detection pro-
cess, improving accuracy and
speed.

KITTI dataset
mAP3D,Moderate = 9.76,
mAPBEV,Moderate = 14.49,
Runtime= 0.2[s]

[271] C Handles multi-view RGB-based 3D de-
tection as an end-to-end optimization
problem, achieving state-of-the-art per-
formance across multiple benchmarks.

Effective for both indoor and
outdoor scenes, and excels
across multiple benchmarks.

KITTI dataset
mAP3D,Moderate = 10.97,
mAPBEV,Moderate = 16.37,
Runtime= 0.03[s]

[149] L Single-stage detector that improves lo-
calization precision in 3D point cloud
data by preserving object structure in-
formation.

Enhances precision and
achieves high inference speed
without additional computa-
tional cost.

KITTI dataset
mAP3D,Moderate = 79.79,
mAPBEV,Moderate = 91.03,
Runtime= 0.04[s]

[346] L A lightweight, single-stage 3D object
detector using a fusion sampling strat-
egy and a novel box prediction network
to achieve high performance with fast
inference.

High accuracy and speed, out-
performing voxel-based meth-
ods with fast inference.

KITTI dataset
mAP3D,Moderate = 62.6,
Runtime= 0.04[s], nuScenes
dataset mAP=42.6,
NDS=56.4

[375] L A center-based transformer network
for 3D object detection using center
heatmaps and cross-attention for multi-
frame feature aggregation.

Reduces convergence difficulty
and computational complexity
compared to traditional trans-
formers.

Waymo Open Dataset
mAPH= 75.6

[184] L Omitting the need for 3D convolutions
by organizing point cloud data into ver-
tical columns and utilizing 2D convolu-
tional layers for feature extraction.

Modifiable detection head,
high detection performance
achieving up to 105 Hz run-
time.

KITTI dataset
mAP3D,Moderate = 59.20,
mAPBEV,Moderate = 66.19,
Runtime= 0.016[s];
nuScenes dataset mAP=
30.5, NDS=45.3

[96] L Improves recall and reduces false nega-
tives in 3D detection through a multi-
stage process, enhancing robustness in
challenging scenarios.

Better recall and robustness
in occlusion and low-density
point clouds.

nuScenes dataset mAP=
68.7, NDS= 72.6
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Table 2.6: Overview of the attributes and strengths of multi-modal 3D object detection
methods with relevant performance metrics reported in percentages.

Ref SensorMain Idea Strengths Performance

[23] LC TransFusion uses a transformer-based
method for LiDAR-camera fusion with
soft-association to enhance 3D object de-
tection.

Robust against poor image condi-
tions and calibration errors, with
state-of-the-art performance in de-
tection and tracking.

nuScenes dataset mAP=
68.9, NDS = 71.7, Waymo
Open Dataset mAPH= 65.5

[207] LC BEVFusion integrates LiDAR and camera
features into a shared bird’s-eye view rep-
resentation for improved 3D perception.

Superior performance in 3D detec-
tion and BEV map segmentation
with reduced computation cost and
latency.

nuScenes dataset mAP=
70.2, NDS = 72.9, Waymo
Open Dataset mAPH=
79.5.

[347] LC DeepInteraction maintains separate
modality representations and utilizes ded-
icated interaction encoders and decoders
for 3D detection.

Preserving modality-specific in-
formation, allowing each sensor’s
unique characteristics to enhance
performance.

nuScenes dataset mAP=
70.8, NDS = 73.4

[339] LC CMT is an end-to-end 3D detector that
outputs 3D bounding boxes from image
and point cloud tokens without explicit
view transformation.

High performance on nuScenes and
faster inference speed.

nuScenes dataset mAP=
72.0 NDS = 74.1, Argo-
verse2 dataset AP= 36.1,
CDS= 27.8

[337] LC FusionPainting integrates 2D RGB and
3D LiDAR data through semantic seg-
mentation and adaptive fusion to enhance
detection accuracy.

Improves 3D detection performance
by incorporating both 2D and 3D se-
mantic information.

nuScenes dataset mAP=
68.1 NDS = 71.6.

[254] LR MVDNet is a two-stage deep fusion net-
work for vehicle detection using deep fu-
sion to integrate LiDAR and Radar data.

Outperforms state-of-the-art meth-
ods, particularly in adverse weather,
and integrates complementary sen-
sor data effectively.

Oxford RobotCar dataset
mAPclear = 84.78,
mAPfoggy = 80.29

[185] RC HVDetFusion is a multi-modal 3D detec-
tion algorithm that integrates camera and
Radar data, optimizing the Camera-based
Bevdet4D framework to reduce false pos-
itives.

Effective integration of Radar data
to reduce false positives and improve
accuracy, offering camera-only and
camera-Radar inputs.

nuScenes dataset mAP=
60.9 NDS = 67.4.

[170] RC Combines Radar and camera data at fea-
ture and instance levels, using a radar-
guided BEV encoder to enhance detection
accuracy and reduce errors.

Effective at both feature and in-
stance levels, leading to improved
3D object detection performance.

nuScenes dataset
mAP=50.6, NDS= 58.7.

[328] RC HyDRa enhances 3D perception using hy-
brid fusion and dense BEV representa-
tions for improved depth prediction and
object detection.

Improves depth prediction and ob-
ject detection, enhanced occupancy
mapping to outperform camera-only
methods.

nuScenes dataset mAP=
57.4, NDS= 64.2, Occ3D
benchmark mIoU=44.4.

[123] LRC DeepFusion integrates lidar, camera, and
Radar data with modular feature extrac-
tors and a BEV representation for en-
hanced 3D detection.

Flexible integration of different sen-
sors; effective long-range detection;
robust in adverse conditions.

nuScenes dataset APcar =
81.6, APpedestrian = 84.6

[257] LRC CLR-BNN use a Bayesian approach for
multi-object detection, leveraging sensor
fusion to improve accuracy and handle un-
certainties.

Outperforms deterministic models
in accuracy; better handling of un-
certainties; reliable across diverse
conditions.

nuScenes dataset mAP=
76.5, night mAP= 75.0, rain
mAP= 73.0
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Table 2.7: This table provides an overview of the segmentation tasks, respective chal-
lenges, and their applications.

Approach Main Idea Challenges Application

Semantic
Segmenta-
tion

Classification of each
pixel in an input image
and assigning predefined
category labels to them,
without distinguishment
among different instances.

Class imbalance and im-
pact of the dominant class,
boundary precision, proper
understanding of the scene
context, sensitivity to illu-
mination and weather con-
ditions.

Road scene under-
standing, drivable
area detection, object
detection enhance-
ment, and assisting in
path planning.

Instance
Segmenta-
tion

Classification of each pixel
in an input image and as-
signing object-level labels
to them, with distinguish-
ing among different object
instances.

Computational complexity,
object boundary precision,
annotation and training
data availability, handling
complex scenes with large
number of objects, sensi-
tivity to illumination and
weather conditions

Assistance to object
detection, scene un-
derstanding, path
planning, collision
avoidance.

Panoptic
Segmenta-
tion

Classification of each pixel
in an input image and
assigning both class-level
and object-level labels to
them, with distinguish-
ing among different object
categories and instances.

Computational complexity,
model complexity, an-
notation availability and
dataset quality, class-level
and object-level boundary
precision, small object
segmentation, sensitivity to
illumination and weather
conditions.

Scene understanding
at a fine-grain level,
assistance to object
detection and track-
ing, and assistance
with path planning.

Semantic Segmentation

Semantic segmentation involves assigning pixel-level labels to partition input images into
distinct regions. Among deep learning methods, Fully convolutional networks (FCN)
were primarily used for image partitioning to different regions at the pixel level [125,141,
208,227]. In an early study, multi-scale convolutional layers were utilized to encode tex-
ture and shape information into the feature space that would be used to dictate different
regions [131]. This method is enhanced with a graph-based classification algorithm to
refine the boundaries of the detected regions in the output results. In another study,
the authors adopt an FCN scheme for semantic-level scene understanding [208]. First,
a fully convolutional classifier is used to produce a coarse representation from the input
image. Next, a bank of deconvolution filter parameters is learned through training which
enables the model to upsample the coarse output of the classifier and refine boundaries
at the pixel level.
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Further advancement in FCN architectures for scene understanding evolved the mod-
els to adopt an encoder-decoder scheme. For instance in SegNet [22], the encoder grad-
ually reduces the spatial resolution of the input image which is then upsampled step-by-
step in the decoder module for the final classified maps. The key idea of this architecture
is a guided upsampling process in the decoder by using the pooling indices from the cor-
responding encoder. Furthermore, some researchers explored context-aware methods for
segmentation [93, 192, 199, 370]. For instance, DeepLab [93] is a framework that utilizes
Atrous convolutions for upsampling which provides the model with a degree of freedom
on feature resolution. This results in enlarging the receptive field that accounts for a
larger contextual area of the input. These are accompanied by atrous spatial pyramid
pooling (ASPP) that samples the input by different rates which enables the model to
gain understanding at different levels.

The evolution of LiDAR technology has led to the development of low-cost sensors
with higher resolution and a longer range of detection. Coupled with the availability of
relevant outdoor datasets, LiDARs have emerged as the second most common modality
for segmentation tasks [83, 162,330,376]. In an early work, researchers integrated depth
information from LiDAR with images through projection [308]. Furthermore, LiLaNet
is a framework proposed to address the high demands of 3D convolution layers [265,305]
in 3D semantic labeling by replacing them with 2D layers and making configuration
to the input frame [239]. For the data, camera images and LiDAR point clouds are
combined to build LiDAR up-front depth-informed images. Then, the model builds up
on 2D convolutional layers to parse the input at the semantic level. One recent study
approaches 3D semantic segmentation with semi-supervised learning [218]. similar to the
previous method, they extract up-right depth images from LiDAR input which is used
to generate constraints as well as the annotation portion. Finally, a CNN classifier is
used for the learning process. Moreover, some researchers explored the benefits of the
Bayesian Filtering algorithm for a more refined point-wise labeled map [120]. They use
an encoder-decoder to build their model to first extract features and use them to build
semantic maps. Then, they utilize a Bayesian filtering approach to leverage the temporal
connection of the output scans to refine the classified regions and improve final results.

Multi-modal algorithms are among the powerful solutions that can be beneficial in en-
hancing semantic segmentation by combining information from different data streams [136,
302, 376]. Sun et. al [302] proposes a multi-modal model that fuses RGB data with
thermal information gathered by an infrared camera to assign semantic labels to the
confronted scene. ResNet is adopted to perform feature extraction on both RGB and
Thermal inputs and a hand-crafted decoder is used to generate semantic masks. In
another study, the deficiency of LiDAR-only methods for distant or small object segmen-
tation is addressed by fusing LiDAR point clouds with images acquired from different
views [188]. In this approach, separate features are extracted which are later fused
to achieve geometric-aware dual-modal feature maps. Then, these maps accompanied
by semantic encoded embeddings of LiDAR and camera streams are consumed by a
semantic-based fusion module that is used by a segmentation head for final region pre-
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dictions. Even though multi-modal models have been beneficial in certain scenarios, they
remain relatively underexplored compared to object detection approaches. This signals a
rich area that requires further exploration and development. Table 2.8 provides a critical
overview of the semantic segmentation methods.

Table 2.8: An overview of the attributes and strengths of semantic segmentation methods
with relevant performance metrics reported in percentages.

Ref SensorMain Idea Strengths Performance

[22] C SegNet is a deep CNN designed for effi-
cient and practical semantic segmentation
with a balance between memory and com-
putational efficiency.

Efficient upsampling through pooling
indices reduces computational load.
Light-weighted suitable for real-time
autonomous driving applications.

CamVid Road dataset
mIoU=60.4

[93] C DeepLab enhance segmentation using
atrous convolution and ASPP, combining
DCNNs with CRFs for detailed and accu-
rate results.

Captures multi-scale features for im-
proved accuracy, CRFs enhance bound-
ary precision along object edges.

Cityscapes dataset
mIoU= 70.4

[302] C A deep network that fuses RGB and ther-
mal images to enhance segmentation in
challenging lighting conditions.

he fusion of RGB and thermal data
ensures accurate segmentation in vari-
ous lighting conditions, and robustness
during nighttime scenarios.

MFNet dataset
mIoU= 53.2, mAcc=
63.1

[136] L Presents a method for training 3D
segmentation models using 2D image
datasets with semantic labels, generating
pseudo-labels for 3D data.

Improves 3D segmentation accuracy
significantly using pseudo-labels. Ro-
bust performance across diverse urban
scenes and datasets.

nuScenes dataset
mIoU= 80.0

[162] L A 3D segmentation framework modeling
local dependencies with a local depen-
dency module combining slice pooling and
RNN layers.

Surpasses state-of-the-art methods on
multiple benchmarks. Achieves supe-
rior performance with reduced infer-
ence time.

ScanNet dataset
mIoU= 39.35, S3DIS
dataset mIoU= 51.93

[239] L LiLaNet is designed for point-wise seman-
tic labeling of LiDAR data, using virtual
image projections and automated data
generation for efficiency.

Significantly outperforms existing
CNNs with high efficiency. Automated
data generation boosts performance
with minimal manual effort.

LiLaNet dataset
mIoU= 69.7.

[188] LC MSeg3D leverages both LiDAR and multi-
camera sensors for 3D semantic segmenta-
tion, addressing challenges in combining
data from different modalities.

Achieves state-of-the-art results on var-
ious datasets. Demonstrates robust-
ness and enhanced data augmentation.

SemanticKITTI
mIoU= 66.7, nuScenes
mIoU= 81.14, Waymo
Open Dataset mIoU=
70.51.

[376] LC Introduces PMF for 3D LiDAR seman-
tic segmentation, combining RGB and Li-
DAR data to enhance scene understand-
ing.

Effective fusion of RGB and LiDAR im-
proves accuracy and robustness. Sur-
passes existing methods with better
mIoU scores.

nuScenes dataset
mIoU= 76.9, Se-
manticKITTI mIoU=
63.9.

[154] LRC Introduces a unified top-down representa-
tion for multi-modal perception, integrat-
ing lidar, Radar, and camera data for real-
time segmentation and prediction.

Simplifies fusion with a single grid;
adaptable to various sensors; extends
to future motion prediction.

nuScenes dataset
IoUpedestrian = 24.9,
IoUvehicle = 44.3,
IoUbackground = 49.7
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Instance Segmentation

Instance segmentation is a challenging task that goes beyond semantic segmentation by
not only labeling pixels with object categories but also distinguishing between different
instances of objects belonging to the same category. Previous studies have explored
various approaches to tackle this task, taking inspiration from different fields. For ex-
ample, some studies, [269] and [320], exploited recurrent networks in their architectures,
and some others, [369] and [309], used deep networks as mapper functions to acquire a
representation of the input frames and divide the instances later in the post-processing
step.

In the context of 2D instance segmentation, typically, two-stage models are used which
at first detect the whereabouts of the object instances and then perform the segmentation
task [146,194,322,364]. For instance, a framework was proposed that builds on an early
object detector to identify object instances in the input frame [91]. The localized objects
are then distinguished from the background and the region they occupy is associated with
instance-level labels. Brabandere at al. [113] took a simple approach to distinguish among
different instances of vehicles on the road. First, they use a semantic segmenter network
as a function to map the input images to a feature space which enables them to perform
clustering on the objects. Consequently, with the use of a handcrafted loss function,
intuitively, points belonging to the same cluster are pushed towards each other whereas
points from different clusters are pulled farther. In another study, the authors [156] build
their model to leverage the advantages of the classical variation models [87] instead
of only using a Mask RCNN [150] to avoid low-resolution masks and generate more
accurate boundaries. However, a shortcoming of variation models is their dependency on
hyperparameters and the first initialization values. Consequently, the authors propose
their end-to-end model, LevelSet R-CNN, which combines the two methods to adjust the
hyperparameters and define the energy function with respect to the detected instances
for the optimization phase. Furthermore, a team of researchers explored the benefits of
recurrent learning methods in this field [260]. The framework builds on LSTM blocks
and uses an attention mechanism to detect and segment objects sequentially.

There have been numerous studies to address scene understanding at the instance level
in 3D [94,159,201,291]. For instance, in a study, a mono-ocular setup has been used for
this task [94]. In their pipeline, object instances are differentiated from the background
which in turn are used as 3D RoIs. Then, several features with respect to shape and
location are learned to complete the final labeling process. Meanwhile, LiDARs are
preferred over cameras due to their inherent 3D properties [108,228,240,321]. SqeeuzeSeg
is a two-stage model, that initially uses an encoder-decoder module to generate voxel-
level instance labels [330]. Subsequently, a conditional random field (CRF) module,
re-implemented in a recurrent setting, is applied to the output of the first stage to
refine the final label maps. In a recent study, a two-staged model is proposed to jointly
perform detection and instance segmentation [371]. The first stage utilizes an encoder-
decoder architecture to extract features and a novel spatial embedding which are used
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to predict early instance-level segments. These early detections are taken as RoIs which
are further combined with the extracted features to regress final bounding boxes and
instance labels. Moreover, researchers highlight the issues of inadequate resolution in
feature maps extracted from 3D point clouds and the negative impact it leaves on the
segmentation of small or distant objects [360]. Consequently, they build a high-resolution
feature map in BEV view by leveraging KNN in point cloud encoding and self-attention
mechanism. The results are consumed by a backbone network to estimate the center
and height bounds for each foreground voxel. The estimations are used as constraints
to refine the output labeled map. Table 2.9 provides a critical overview of the instance
segmentation methods.

Table 2.9: An overview of the attributes and strengths of instance segmentation methods
with relevant performance metrics reported in percentages.

Ref SensorMain Idea Strengths Performance

[320] C A recurrent U-Net architecture that enhances
performance while maintaining the original
model’s compactness.

Light-weighted framework, demonstrating
real-time and superior performance road
segmentation.

Cityscapes validation set
mIoU= 62.7.

[322] C Introduces SOLO, an instance segmentation
framework that maps input images to object
categories and instance masks.

Simplifies segmentation by eliminating
post-processing steps. Extends effectively
to tasks like instance-level image matting.

Cityscape validation set
mIoU= 38.0.

[194] C PolyTransform integrates traditional segmenta-
tion with polygon-based approaches, generating
masks and refining them into polygons for bet-
ter object boundary alignment.

Produces accurate, geometry-preserving
masks and achieved 1st place on the
Cityscapes leaderboard with improve-
ments in boundary metrics.

Cityscape test set predic-
tion mask AP= 40.1.

[364] C A contour-based method that enhances perfor-
mance through learnable contour initialization
and dynamic matching of vertex pairs.

Improves contour quality and achieves top
results on multiple datasets with real-time
efficiency (36 fps for 512×512 images).

Cityscape dataset predic-
tion mask AP= 32.9.

[156] C Enhances performance by integrating the ro-
bust feature extraction from Mask R-CNN
with the precision of a variational segmentation
framework.

Improves mask boundaries and unifies
variational segmentation to enhance ro-
bustness and accuracy.

Cityscape dataset predic-
tion mask AP= 40.0.

[321] L SGPN is a framework for 3D instance segmen-
tation on point clouds, using a similarity matrix
for point grouping and semantic classification.

Utilizes an intuitive similarity matrix,
can incorporate 2D CNN features, and
achieves strong performance in 3D seg-
mentation.

S3DIS datset prediction
mask AP= 54.35.

[330] L An end-to-end pipeline for semantic segmen-
tation of road objects from 3D LiDAR point
clouds, using CNNs and CRF for classification
and refinement.

Achieves high accuracy and speed, and ef-
fective data augmentation from synthetic
data improves performance.

KITTI dataset mIoU=
33.64.

[371] L Introduces a unified framework for 3D object
detection and instance segmentation using spa-
tial embeddings to group points by object cen-
ters and avoid non-maximum suppression.

Integrates detection and segmentation
processes, enhances performance by clus-
tering foreground points, and achieves
real-time performance with fewer region
proposals.

KITTI prediction
mask AP= 47.15,
KITTI object detection
AP70,moderate = 78.96.

[360] L A robust instance segmentation baseline in
large-scale outdoor LiDAR point clouds, using
dense feature encoding and addressing class im-
balances.

Enhances performance for small and dis-
tant objects, manages class imbalances
effectively, and introduces a large-scale
dataset.

Their own LiDAR
dataset prediction mask
AP= 62.4.
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Panoptic Segmentation

Panoptic Segmentation is a relatively new area of research that incorporates both se-
mantic and instance-level information. This task was first introduced in 2019 and the
respective metrics were formulated by Kirillov et al. [175]. As a part of their work,
some relative experiments were conducted on public benchmarks to assess and compare
human-level and machine-level performance which gave some interesting insight into the
manifestation of this task.

Early attempts, such as [18, 91, 238], focused on combining the two tasks in one
model which would output both semantic and instance-level labels simultaneously. As
an example, MaskLab [91] was designed to give object detection as well as segmentation
outputs. More specifically, object detection is done utilizing a Faster R-CNN backbone
to generate bounding boxes. Guided by these detections, regions of interest are parsed
semantically and are combined with predictions to differentiate among instances of the
same semantic labels. However, the early models were mostly performing the two previ-
ous tasks separately, without much-shared computation.

To fill this gap, the Panoptic FPN [174] was proposed in 2019 to combine the two
tasks in a unified architectural manner, all in one single network. The proposed model,
firstly, adopts Mask R-CNN with FPN to perform instance segmentation tasks. Next,
a semantic segmentation branch consumes the FPN feature maps to generate output at
the semantic level. The final output of the network is a refinement of both instance
and semantic labels which is done in a post-processing step with a similar mechanism to
non-maximum suppression.

Since the introduction of panoptic segmentation, various architectures have been de-
veloped to combine multiple techniques and concepts, aiming to enhance performance
and address a range of challenges [135,165,190,193,241,297,334]. In one study, Chen et
al. [92] points out the challenge of data annotation requirement of segmentation tasks and
exploits the advantages of semi-supervised learning to train their model, Naive-Student,
on unlabeled videos from urban environments to perform scene parsing at the panop-
tic level. While some studies prioritize the accuracy and the quality of their models,
some [114,157,160,236] take on the challenge of optimizing runtime performance as one
of the most important practical aspects. For example, a recent novel research led to
the design of the MGNet framework [275] which jointly performs panoptic scene parsing
and depth estimation using a single camera as their perceiver sensor. The input of the
model is encoded using a Global Context Module (GCM) and the outputs are fed to
separate decoder heads, each of which is customized to render the semantic, instance,
and depth-related logits. A post-processing step projects the panoptic-level information
onto a final 3D point cloud. MGNet is a lightweight framework tailored for real-time
performance. When the runtime-related issues are addressed, panoptic models can be
put into practice. As an example, GenPa-SLAM [28] is a real-time LiDAR-based si-
multaneous localization and mapping (SLAM) framework that exploits panoptic-level
information from the surrounding environment. The front end of the model performs a
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semantic-aware object detection to provide prior knowledge for a guided extraction of
geometric landmarks which is, next, used in the back end to optimize vehicle trajectory
and landmark positions.

These advancements in segmentation techniques, including semantic, instance, and
panoptic segmentation, collectively enhance the ego-vehicle’s ability to accurately and
efficiently interpret complex scenes which is the requirement of decision-making procedure
and safe navigation. Compared to object detection, segmentation tasks are less mature
but rapidly evolving. While object detection has a longer history with well-established
models and extensive datasets, segmentation methods are gaining popularity due to
their ability to provide more detailed scene understanding. Despite these challenges,
the progress in segmentation is promising, and ongoing research continues to bridge the
gap between these two critical areas of computer vision. Table 2.10 provides a critical
overview of the instance segmentation methods.
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Table 2.10: An overview of the attributes and strengths of panoptic segmentation meth-
ods with relevant performance metrics reported in percentages.

Ref Sensor Main Idea Strengths Performance

[334] C UPSNet combines semantic and instance
segmentation using a novel panoptic head
for efficient and accurate segmentation.

Efficiently integrates semantic and
instance segmentation tasks, achiev-
ing top results with faster inference.

Coco dataset PQ= 46.6,
Cityscape dataset PQ=
61.8.

[190] C Panoptic FCN unifies object and back-
ground segmentation with a fully convolu-
tional approach, generating unique kernel
weights for each instance or category.

Outperforms previous models with
high efficiency and ensures accurate
object and background segmenta-
tion.

Coco validation set PQ=
44.3, Cityscape valida-
tion set PQ= 61.4.

[165] C Introduces panoramic panoptic segmen-
tation combining panoramic FoV with
panoptic image-level understanding,
adapting standard models to panoramic
images.

Holistic scene understanding with
improved performance in complex
environments and efficient domain
adaptation.

Cityscape dataset PQ=
31.9, Panoramic Annu-
lar Semantic Segmenta-
tion dataset mIoU=55.0

[193] C Panoptic SegFormer uses transformers
with a deeply-supervised mask decoder
and enhanced post-processing for im-
proved accuracy and efficiency.

Reduces training epochs while
increasing accuracy and shows
stronger zero-shot robustness.

Coco test-dev set PQ=
56.2, COCO-C various
environmental situation
PQ= 47.2.

[135] C Introduces a framework for depth-aware
panoptic segmentation combining depth
prediction with instance-level semantics
using dynamic convolution.

Enhances depth accuracy and seg-
mentation quality with instance-
specific kernels and innovative depth
loss.

Cityscape validation
set pQ= 64.1, Depth-
aware Panoptic Quality
(DPQ)= 60.4.

[160] C Presents a single-shot panoptic segmenta-
tion network for real-time operation with
dense detections and global self-attention,
achieving high efficiency.

Achieves real-time performance with
reduced complexity and competitive
accuracy compared to state-of-the-
art methods.

Cityscape validation set
PQ= 58.8, COCO val-
idatoin set PQ= 37.1.

[275] C MGNet combines panoptic segmentation
and self-supervised depth estimation into
a single real-time model, providing dense
3D point clouds.

High frame rates (44.4 ms) and ef-
ficient architecture for real-time ap-
plications, showing competitive per-
formance.

Cityscape validation set
PQ= 55.7.

[236] C A single-stage network for real-time appli-
cations, integrating object detection, se-
mantic segmentation, and instance-level
attention masks.

Achieves over 10 FPS on high-
resolution images, suitable for real-
time applications, with a simplified
pipeline.

Cityscape validation set
PQ= 59.7, mIoU= 76.0,
COCO validation set
PQ= 34.4.

[92] C The Naive-Student model uses semi-
supervised learning, where pseudo-labels
from unlabeled videos and images are
combined with human-annotated data.

Effectively leverages large amounts
of unlabeled data, reducing reliance
on expensive human annotations.

Cityscape test set PQ=
67.8, mIoU= 85.2.

2.6 Perception System Challenges

Typically, perception models are developed under the assumptions of ideal conditions
such as normal weather conditions, adequate illumination, and a clean, continuous data
stream from sensors. However, these assumptions rarely hold for realistic situations,
where varying weather conditions and different times of the day can significantly impact

38



sensor performance and data quality. In this section, we explore two challenging situa-
tions, Adverse Weather Conditions and Times of Day. We aim to review the challenges
and investigate the solutions proposed to address them.

2.6.1 Adverse Weather Condition

One of the most important aspects of a perception system is its robustness against various
weather conditions. Different weather conditions leave a specific impact on each type of
sensor based on their operating principles. Fig 2.4 illustrates examples of the distortions
caused by various conditions.

(a) Glare and artifacts caused by rain droplets. (b) Glare and blur as an after effect of rain.

(c) Fog effect on RGB images (d) Fog effect on LiDAR point
cloud

(e) Clear weather LiDAR point
cloud

(f) Glare effect caused by ar-
tificial lighting sources.

(g) Glare effect caused by
street and vehicle lights.

(h) Glare caused by street-
lights and headlights.

(i) High noise level in low-
light situation.

Figure 2.4: Effects of weather and lighting on sensors: (a-b) Rain causing glare and blur
in the camera images from Oxford RobotCar dataset [26]; (c-e) Fog reducing visibility in
images from DENSE dataset [32] and LiDAR point cloud from nuScenes dataset [80]; (f-i)
Nighttime challenges with glare and noise affecting camera performance from nuScenes
dataset [80].

Overview of Challenges

Precipitation is a common weather condition where water droplets or frozen particles
fall to the ground. During precipitation, several factors can significantly affect sensor
performance. According to a NASA report [4], raindrop sizes range from 0.1 to 4 mm.
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Furthermore, images are formed by assigning pixel intensity values based on the bright-
ness received from the scene. For LiDAR sensors, the location of targets is determined
by measuring the time it takes for the laser pulse to return. As discussed in section 2.3,
visible light has wavelengths between 380 and 700 nm, while LiDAR sensors use laser
beams with wavelengths of 905 and 1550 nm.

The combination of these factors leads to distortion and degradation in the mea-
surement quality of both the camera and LiDAR sensors. Mie scattering, which affects
electromagnetic waves with wavelengths shorter than the precipitation particles, results
in two main effects. First, there is attenuation of power for both visible light and laser
beams due to energy absorption by the particles. This attenuation reduces brightness and
visibility for these sensors. For instance, a study [310] reports that the LiDAR sensing
range can decrease by 40% during light rain and up to 80% during heavy rain compared
to clear weather conditions. Second, precipitation particles cause refraction of light or
laser beams, altering their direction and leading to distortion and visual artifacts.

Moreover, reflection introduces additional distortion in camera and LiDAR measure-
ments. Water droplets and frozen particles reflect light beams, which can create glare
in images and lead to false detections for the LiDAR sensor, mostly for droplets close to
the sensor. These destructive impacts on camera images become more severe at night
when the sun, the primary source of daylight, is absent. During nighttime, the reduced
ambient light makes the distortion and glare caused by reflections from street lights and
other vehicles more significant [78].

Fog is another weather condition that creates a cloud-like ambient at lower altitudes.
Similar to precipitation, fog particles are larger than visible light and laser beams and
result in Mie scattering phenomenon. Due to significant absorption by fog particles,
visibility is reduced. Some studies report up to 80% limitation of detection range for laser
sensors [310], and up to 50% reduction of visibility of camera images [358]. In addition to
reduced visibility, false detection in LiDAR measurements and blurry images are among
the common results. In a spectrum analysis on normal and foggy images [358], it is
observed that while during normal weather, images contain spread spectral components
which indicate the presence of object edges, during foggy weather, most of the spectral
components fall near lower band of frequencies, indicating loss of edge information and
the presence haze effect on the images. During this situation, distinguishing different
objects becomes greatly challenging.

Under these conditions, Radar sensors suffer from performance challenges, however,
due to their principle differences in operating mechanism, they show greater robustness
compared to camera and LiDAR sensors. Using radio waves with a wavelength in the
millimeter range, these sensors are less affected by signal attenuation and scattering
effects [358]. Nevertheless, signal attenuation at larger distances becomes considerable,
which limits the visibility of these sensors, and backscattering caused by water or fog
particles adds noise and false detection to the measurements [310,367]. Conclusively,
these challenges create faulty data that must be addressed to ensure reliable perception
systems. A comparative summary considering key elements of the camera, LiDAR, and
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Radar sensors is provided in Fig. 2.2.
Research to tackle these challenges can be broadly categorized into two groups. The

first category mostly focuses on increasing the robustness and enhancing the performance
of each sensor, particularly cameras and LiDARs. This involves developing algorithms to
mitigate the effects of adverse weather conditions on sensor data. The second category
is the methods that leverage fusion techniques to take advantage of the capabilities
offered by different modalities as well as the redundancy in the data. These approaches
aim to produce more accurate and reliable perception outcomes even under challenging
conditions. A summary of the core concepts, advantages, and challenges of these two
categories of approaches is given in Table 2.11.

Table 2.11: Overview of the approaches proposed to address challenges occurring due
to adverse weather conditions. This table summarizes the main idea of each category of
approaches accompanied by their advantages and challenges.

Approach Main Idea Advantages Challenges

Task-specific
Enhancement

Enhancing the quality of the
input data during a pre-
processing stage by focus-
ing on mitigating noise and
correcting distorted informa-
tion. This approach, typi-
cally, estimates the key fea-
tures of the source of noise
or distortion (e.g. medium
transmission) and proposes
solutions to mitigate them.

Boosting object detection
performance, availability
of scenario-specific mod-
eling (fog, snow, rain)
and solutions, reducing
computational complex-
ity for the subsequent
perception stages, cost-
efficiency due to not re-
quiring additional sen-
sors.

Scenario dependency and
lack of generalization
for different situations,
sensor type dependency,
real-time performance,
potential for over-
processing resulting in
synthesized artifacts,
natural reconstruction of
the input frame, LiDAR
low density in far range.

Multi-modal
Fusion

Integrating information from
different sensing modalities
creates a more comprehen-
sive, detailed, and accurate
representation of the driv-
ing scenario. This approach
leverages the strength of each
sensor modality as well as
the redundancy in the data
to compensate for noise, dis-
tortion, and inherent sensor
shortcomings.

Rich and comprehensive
representation of the en-
vironment, improving de-
tection accuracy and re-
liability, introducing ro-
bustness against sensor
failure, enhancing robust-
ness against challenging
situations such as adverse
weather conditions, com-
pensating for individual
sensor weaknesses.

Model complexity, com-
putational processing
load, requiring further
research for choosing
a proper and efficient
fusion method, different
data resolution, data
compatibility, inter-
sensor calibration and
synchronization.

Task-specific Enhancements

To improve and robustify the performance of perception systems, researchers have devel-
oped algorithms that address the challenges posed by adverse weather conditions. These
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algorithms often function as pre-processing blocks which enhances the quality of the in-
put data frame. The proposed solutions vary depending on the type of input, primarily
focusing on images or point clouds.

For image data, a lightweight model called ReViewNet [252] was designed in an end-
to-end manner to perform image dehazing. The algorithm makes use of quadruple color
space in a double-look encoder-decoder architecture with different loss weights to produce
haze-free images. AODNet [186] is another image-dehazing model adopting a two-stage
architecture that introduces a novel formulation for the atmospheric scattering model.
The algorithm minimizes the reconstruction error by estimating the merge parameter
K(x) by a convolutional network, the output of which is used in the second stage to
cancel the haze effect from images. They also cascaded their model with RCNN to study
the impact of their model on the robustness and accuracy of object detection. A recent
study leveraged the attention mechanism and proposed a model to improve the quality of
recorded visual information [202]. There are three different stages to their model. Before
the dehazing process begins, a multi-resolution attention layer is applied to the input
image to estimate the non-homogeneous distribution of the haze. This is followed by
a feature extraction module which consists of an encoder-decoder and a dense network
in parallel. The encoder-decoder is used to extract the structure and texture-related
features of the haze. On the other hand, the dense network investigates the frequency
domain in search of complementary features. In the end, a residual network scheme fuses
the input from the attention and feature extraction modules to give a clear final image.
The model’s effectiveness was tested on three object detectors i.e. YOLOv4-Tiny [166],
Faster RCNN [261] and YOLOv4 [37], demonstrating enhancement in robustness and
accuracy.

Many of the methods use add synthetic haze and base their experiments and analysis
on synthesized data [81,90,119,345,362]. One study [361] claims that solving the problem
with synthetic data does not necessarily solve the issue with inputs from real-world
scenarios. Consequently, the authors put forward a 4-stage architecture that incorporates
semantic prior information to better clean natural haze. More specifically, the goal is to
maximize the color of each pixel with respect to its semantic information constraint. A
residual dilated network is in charge of extracting structural features which are then fused
adaptively to produce the final haze-free image with the unnatural artifacts removed.

Many studies have focused on the characterization of LiDAR sensors [242, 329, 348],
analyzing the effect of adverse weather conditions on these sensors, and exploring different
mitigation strategies [34, 148, 237, 256, 270]. Some researchers have shown that normal
rainy weather does not corrupt LiDAR data to a considerable extent [134]. However,
when the precipitation rate rises to high levels, the impact becomes more similar to fog
which creates false obstacles and lower detection range. Additionally, snowflakes are
solid objects and due to freezing, they can accumulate and become larger which again
results in a blocked line of sight and creates the haze effect [367].

One study addresses the challenges of AV under snowy weather by enhancing LiDAR
image quality and improving vehicle localization [253]. The researchers increased LiDAR
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image density using an accumulation strategy and improved texture quality using Prin-
cipal Component Analysis to reconstruct LiDAR images from maps. They also extracted
and matched edge profiles from LiDAR and map images to better detect lane lines and
roadside edges, resulting in more robust and accurate localization in adverse conditions.
Moreover, another work thoroughly analyzes the impact of fog and rain on LiDAR point
clouds and perception systems [153]. To that end, they set up a reproducible experi-
ment in a climate chamber in which controlled production of fog and rain with arbitrary
parameters is possible. Additionally, k-nearest Neighbor (kNN) and Support Vector Ma-
chine (SVM) algorithms were utilized to classify weather among ’clear’, ’fog’, or ’rain’
categories based on the features computed from the statistics of the point clouds.

One study identified a gap in the field of de-noising [89, 279] LiDAR measurements
which are affected by snow and rain [89]. The authors first investigate the performance
of the existing 2D and 3D filtering methods prior to their work and highlight their short-
comings. Consequently, they present an improved version of a Radius Outlier Removal
filter to clean the point cloud from the snow effect while preserving the contextual fea-
tures. Finally, a comparison is drawn between the proposed method and others based
on manually labeled data collected on the public roads of the Waterloo area. A later
study [152] presents a deep learning approach based on CNNs in the direction of noise
removal of LiDAR point cloud. The authors propose WeatherNet for the purpose of
semantic weather segmentation. The model is built upon several modified LiLaBlocks
which include convolution and dilated convolution layers.

Fusion Models

As opposed to many uni-modal solutions that are used for fighting off the distortion
in data occurring due to unfavorable weather conditions, the fusion models exploit the
existing data redundancy across different modalities to boost performance and robust-
ness. These models are often proposed in an end-to-end manner, leverage data fusion
algorithms, and use the result to generate predictions. Various combinations of sen-
sors are used by researchers, with the camera and LiDAR pair being the most com-
mon [95,179,232,288].

Cameras are able to capture fine details from the surrounding environment but are
affected by different illumination conditions and often struggle in distant-object detection
tasks. On the other hand, LiDARs are unaffected by changes in illumination, have
a longer detection range, and provide the 3D shape of objects after measurement but
their point clouds are often sparse. Consequently, methods that combine camera and
LiDAR data [23,82,207,211,245,292,335] can benefit from the depth and 3D contextual
information of LiDAR point clouds and the high spatial resolution of camera images, to
compensate for each other’s shortcomings and build a more robust perception system.
For example, one study utilized mean operation to fuse features extracted from RGB
images from multiple views and LiDAR point clouds [180]. Initially, feature extraction
for each sensor branch is performed individually. Then, the acquired maps are cropped
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and configured to achieve coherent dimensions and consequently, are fused. The results
are used to generate RoI proposals needed for making final predictions. In another
study, an attention mechanism is utilized for data fusion [338]. First, the camera images
and LiDAR point cloud pass through 2D and 3D semantic segmentor modules. Then, an
attention block to enrich the point cloud with camera information based on the extracted
semantic labeled maps. At the end, a 3D detector head produces final predictions.

The shortcomings of cameras and LiDARs are revealed in snowy, rainy, or foggy con-
ditions. Due to their operating principles, the recorded data often experience distortion
and attenuation, thus the measurements become noisy and unreliable. In these situa-
tions, Radar sensors have shown greater robustness compared to cameras and LiDARs,
leading to researchers exploring their capabilities to tackle these challenges.

In search of Radar-based solutions for object detection under adverse weather, re-
searchers have primarily focused on Camera-Radar combinations [172,182,221,223,233].
In a recent study, a multi-modal framework is proposed that mostly relies on multi-
view camera images for detection and incorporates Radar detection points and velocity
estimations to improve object location predictions [185]. Another innovative approach
is HyDRa, a novel camera-radar fusion architecture designed to enhance depth predic-
tion accuracy and achieve state-of-the-art performance [328]. Hydra begins by encoding
multi-view camera images and voxelized radar point clouds into high-level feature maps
using a 2D encoder and point pillars, respectively. A transformer is used to associate
radar features, which lack height but have sparse depth, with camera features, which lack
depth but have dense height information, creating an enriched representation. These fea-
tures are then fused into a BEV representation with a forward projection module and
refined by depth information from Radar recordings. Finally, the processed BEV is fed
into task-specific heads for final predictions.

Even though LiDAR-Radar-based solutions have not been extensively explored, promis-
ing results have emerged from recent studies [205,254,350]. One such study introduces a
two-staged model called MVDNet, proposed in an end-to-end manner which fuses LiDAR
point clouds with Radar range-azimuth detection [254]. Similar to common pipelines,
a network is used to extract and produce feature maps from Radar and LiDAR data
streams separately. These maps are concatenated and further processed to generate RoI
proposals which guide the sensor fusion process using self and cross-attention mecha-
nisms. A novel aspect of this work is the use of past frames as historical data through
a temporal fusion block. This block enables data-sharing along the time axis and im-
proves the final inference of the location of the detection. In a recent work, the authors
choose mm-Wave Radar as the main and camera as the auxiliary modality [205]. They
use a joint data probabilistic data-association (JPDA) fusion method for data integra-
tion. Moreover, in a comprehensive study on fog effect on different sensors, researchers
based their fusion algorithm on entropy measured from each sensor recording [32]. In
their work, RGB and gated cameras, LiDAR, and Radar are the four components of the
sensor suite that are utilized in a deep fusion architecture, and at the end, an SSD block
consumes the fused feature map for final predictions.
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2.6.2 Night Time

Achieving the highest level of autonomous driving requires safe performance across a
variety of environmental situations, including driving during nighttime. The transition
from day to night presents a significant challenge due to inadequate natural illumination,
creating inherent differences between daytime and nighttime domains.

One effective approach to address this problem is leveraging domain-adaption ap-
proaches. Specifically, in this approach, the objective is to use the models that are
performing well in the daytime and adapt them to nighttime situations without any
nighttime-related labels. For instance, Dai et al. proposes the Dark Model Adapta-
tion method to perform semantic segmentation at nighttime. In their model, they use a
three-step bridge called the twilight time bridge to progressively transfer the knowledge
learned from the daytime to the nighttime. To this end, they build their own dataset of
images ranging from daytime to twilight time. Similarly, other approaches exist in which
twilight bridging is utilized [272], [273]. The downside of these methods is the cost of
additional and complex training.

Furthermore, some studies utilize neural style transfer to translate daytime images
to match the nighttime style and properties [268, 298, 331]. Wang et al. [318] aims
to tackle the shortage of nighttime labeled data in their work and build two datasets,
Synthesiscarla and Cyclecity, by synthesizing data with the addition of style-transferred
images from daytime. They also propose a two-stage end-to-end model to compensate
for the effects of inadequate illumination and perform segmentation on enhanced images.

In addition to domain adaptation, fusion-model capabilities offer another avenue for
addressing nighttime challenges. As an example, infrared detection is a sensing modality
that keeps the outline and form of objects at the cost of losing color information. How-
ever, improvement is observed when fused with RGB images. In one study [303], the
authors choose RGB as well as three types of infrared cameras to collect multi-spectral
information from the surroundings. Each sensor modality performs object detection in-
dividually, single-spectrum detection, and an ensemble scheme is used to aggregate the
final results of each branch. The authors also built a multi-spectral dataset as none was
available at their time of work. Some relevant datasets can be found in [164], [307], [336]
and Table 2.12. Other sensor configurations are used in the literature to accommodate
the needs of perception [30]. For instance, LiDARs are robust sensors against poor illu-
mination conditions and some studies have exploited advantages that LiDARs bring to
the table alongside cameras to boost performance [171]. A recent study [98] fuses LiDAR
and infrared camera gatherings to identify objects in the surroundings under conditions
with inadequate visibility. GANs are another choice for fusion architectures. GAN-based
fusions are not mostly end-to-end models for detection and detection headers are gen-
erally used to give detection on the fused-reconstructed outputs [212], [31]. Gao et al.
choose RGB and infrared cameras as their sensor suite and purpose GF-Detection to
perform vehicle detection at nighttime. They exploit GANs to fuse encoded features of
the RGB and infrared branches.
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While there has been research and progress in the nighttime perception area, it can
still be considered under-explored compared to the discussed algorithms which are de-
signed with a bias towards daytime scenarios. Therefore, this area requires further ex-
ploration and development of robust algorithms and sensor technologies to ensure safe
and effective autonomous driving at night.

Table 2.12: Categorization of datasets relevant to the study of practical and environ-
mental challenges for perception systems.

Dataset Context Dataset Name

Radar-included NuScenes [80], Oxford RobotCar - Radar Extension [26],
Astyx 6544 HiRes [219], DenseRadar [343], PixSet [121]

Image Dehazing D-Hazy [16], Dense-Haze [13], HazeRD [365], NH-Haze [14],
RESIDE [187], O-Haze [15]

Adverse Weather Conditions Oxford RobotCar [214], Oxford RobotCar Radar-
Extenstion [26], DENSE [33, 36, 142, 143, 316],
NuScenes [80], Argoverse1 [88], Argoverse2 [327], Waymo
Open Dataset [299], BDD100K [355]

Nightime NuScenes [80], Waymo Open Dataset [299], Argov-
erse1 [88], Argoverse2 [327], Multispectral Pedestrian De-
tection [164], The TNO Multiband Image Data Collec-
tion [307], U2Fusion [336], Person Detection in Thermal
Imagery [112], Pedestrian Detection in Far Infrared Im-
ages [169]

2.7 Conclusion

Despite the current maturity of perception models, single-modal solutions often lack
the robustness and reliability of multi-modal approaches, especially in realistic scenar-
ios. Multi-modal solutions have demonstrated superior performance when faced with
challenges such as adverse weather conditions and different times of the day. However,
integrating multiple modalities raises questions about sensor selection and the appropri-
ate fusion techniques.

While different combinations of sensors have been explored in the literature, most
research has focused on camera-LiDAR pairs, with less emphasis on Radar-based sensor
suites. Thus, there is a gap that needs more comprehensive studies on radar capabilities
and limitations, both as a standalone modality and in combination with other sensors.
Additionally, evaluating the impact of adding radar to learning-based perception systems
requires substantial annotated data to establish quantitative performance metrics.
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Despite the availability of numerous multi-modal datasets, the majority include only
camera images and LiDAR point cloud data. There are relatively few datasets with radar
recordings which indicates a need for the development of more diverse and inclusive large-
scale datasets to facilitate the study of the impact of this sensor on different perception
tasks.

In this chapter, we provided a comprehensive overview of the different types of sensors
used in the field of AD. Sensors are the foundational layer of every perception system, and
selecting the appropriate sensor suite requires an understanding of the characteristics,
advantages, and disadvantages of each sensor. Additionally, we discussed the operational
principle of these sensors and areas in which each type can be advantageous. We also
summarized various datasets, covering the recent and popular ones across aspects of
recording conditions and sensing modalities. This overview helps bridge the gap between
perception tasks and relevant datasets, enabling researchers to make informed choices
when starting their investigations. The core of this paper is the organized presentation of
perception-related tasks, allowing for a clearer identification of task-specific challenges.
We explored a variety of methods, categorizing them by task, and provided insight into
how researchers address these challenges. Finally, we highlighted two critical scenarios
that challenge the ideal assumptions of many current methods: adverse weather condi-
tions and nighttime driving. Developing robust solutions for these scenarios is essential
for the realization of reliable perception systems to meet the crucial requirements of
real-life autonomous driving situations.
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Chapter 3

Case Study: Performance
Evaluation of Perception Models

3.1 Introduction

Object detection is a critical task in AV perception systems, where the choice of sen-
sor type and combination plays a pivotal role. Methods can be broadly categorized
into single-modal approaches, using a single sensor, and multi-modal approaches, which
leverage multiple sensor types. Each approach has its trade-offs in terms of efficiency,
robustness, and applicability to real-world scenarios. These trade-offs must be carefully
evaluated to identify solutions that meet the demands of AV applications.

Key challenges for object detection models include maintaining low latency and power
consumption to support high-speed decision-making while ensuring robustness under
diverse conditions, such as inclement weather or sensor failures. High-latency models are
unsuitable for real-time reasoning, and unreliable performance in adverse conditions can
jeopardize safety. Hence, evaluating models against these criteria is essential for practical
deployment.

This chapter provides a comparative study of several deep learning-based object de-
tection models, focusing on their performance across accuracy, latency, and robustness
metrics. The selected models reflect a variety of sensor configurations and approaches,
ranging from camera-only to camera-radar fusion techniques. By analyzing these models
on the Nuscenes dataset, a comprehensive benchmark in AV research, this chapter aims
to provide insights into the relative strengths and limitations of each approach.

3.2 Evaluation Dataset

Every presented model will be evaluated on the NuScenes dataset [80]. NuScenes is an
extensive multi-modal dataset that consists of a thousand 20-second long scenes and is
officially split into 700, 150, and 150 scenes for training, validation, and testing, respec-
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tively. The scenes were recorded in two cities known for their dense traffic characteristics
to capture a wide range of happenings that are possible to occur anytime while driving.
With the goal of creating a multi-modal dataset in mind, the sensor suite was constructed
upon 6 cameras, 5 radars, and 1 lidar to record each scene with a 360 field of view (FOV)
coverage. Each recorded scene is further broken into keyframes (with annotations) and
intermediate frames (without annotations). The extensiveness and multi-modality of
the Nuscenes dataset enable the support for a variety of tasks that a self-driving car is
expected to perform. This encompasses localization, detection, tracking, and prediction
tasks. To measure and evaluate the performance of learning models on the dataset and
make fair comparisons a standardized framework should be employed. Accordingly, the
authors establish a number of metrics for both detection and tracking tasks taking a
variety of aspects into account. Since this paper is centered around object detection,
we specifically emphasize two key metrics in this domain, namely, the Average Precision
(AP) and the Nuscenes Detection Score (NDS) which will be explained later.

3.3 Perception Models

In this section, we provide a thorough explanation of five deep-learning models that
are designed for detection. The models are selected in a way to cover different sensing
modalities.

3.3.1 PointPillars

Among all the single-modal object detectors, which only rely on one sensor, PointPillars
[184] can be considered one of the well-known baseline models. The design of this model
has taken place in three stages and tackles the problem of arranging point clouds into
a form that is suitable to be used by detection schemes. Accordingly, a uniform grid
of size X and Y is created on the xy-plane in the first stage. Points are organized
as vertical columns that carry reflectance and location-related information. When the
encoding is done, the features are used to generate ”pseudo-images”. In the second
stage, a feature extractor is applied to the pseudo-images and extracts multi-resolution
feature maps. Finally, all concatenated features from the previous steps are present
to be fed to a head network to perform detection. In the original paper, the authors
used the SSD detection head [203] to regress 3D bounding boxes. However, it is worth
mentioning that PointPillars can do segmentation by just swapping the detection head
with a segmentation one. Furthermore, the model evades using 3D convolutions on
the raw point cloud by generating and using pseudo-images. This factor is one of the
contributors to its fast-paced performance.
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3.3.2 FCOS3D

The goal of the FCOS3D model is to address the problem of 3D object detection by
adopting a camera-only framework [319], a departure from traditional LiDAR-based
methods. The architecture is a fully convolutional one-stage detector that regresses 3D
bounding boxes and other object attributes. The model is built on top of the FCOS
proposed by Tian et al. [306]. The initial phase is a ResNet backbone that extracts the
primary feature maps from the input image at different resolutions. Next, a Feature
Pyramid Network (FPN) structure shapes the neck stage that prepares five-level feature
maps which will be used as the basis of the detection procedure. Being an anchor-free
method, the network does not depend on predefined anchor boxes to detect targets.
Instead, it directly aims to detect the center of the objects and the proper bounding
boxes which were assigned to different feature levels. Finally, the network will reason
about object location, velocity, and 3D attributes. The authors, employ a 2D Gaussian
distribution to assess the center of the objects.

c = e−α[(x−x0)2+(y−y0)2] (3.1)

In the equation above, α is a hyperparameter that regulates how strict center-ness bound-
aries are defined.

3.3.3 RRPN

A regional proposal network of two-stage object detectors is in charge of extracting RoIs
where objects possibly exist. These regions are called proposals and are used in the
second stage to produce bounding boxes and do classification. The RPN stage is known
to be a bottleneck in these detectors which causes limitations in real-time application for
AV. Accordingly, Nabati et al. [222] propose RRPN and aim to tackle this bottleneck with
a simple yet effective idea. RRPN is a multi-modal object detector that employs camera
and radar sensors. Instead of using a deep network to extract regions of interest, the radar
detections are taken as RoIs. More specifically, three key steps take place in the pipeline
to generate the RoIs. First, the radar detections, covering a 360o FOV, are mapped
to the coordinates of the main camera considering the calibration parameters. Once
completed, each image frame with the mapped detections contains valuable information
about the whereabouts of an object instance in the view of the camera. Next, the
mapped detections are used to generate RoIs for the detection stage. However, radar
detection does not necessarily point to the center of the object and does not contain any
information about the size of the detected object. Consequently, the authors handcraft
a set of bounding boxes with different sizes and aspect ratios. Then, the set of anchor
boxes is assigned to every radar detection point (also called Points of Interest or PoIs). As
the last step, according to the depth information from each radar detection, the anchors
are inversely scaled. This step exists to take object distance from the ego vehicle into
account which directly impacts the size of each object in the camera view.
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Distance compensation is done as below where Si is the size and di is the distance of
ith object, and α and β parameters are optimized through maximizing the IoU between
the generated and ground truth bounding boxes adopting grid search.

Si = α
1

di
+ β (3.2)

In the second stage, the generated proposals are given to a Fast R-CNN network with a
ResNet backbone to perform classification and regress bounding boxes.

3.3.4 CenterFusion

Although RRPN architecture has enabled the model to achieve close to real-time perfor-
mance, every radar detection is taken into account to generate proposals. However, only
a number of these proposals are kept (about 2000) and the rest are discarded. There-
fore, the radar information is not well-refined and efficiently used which could result in
inferior performance compared to fusion models. CenterFusion [223] is another camera-
radar perception model that uses a middle-fusion scheme to harvest radar advantages
toward more robust performance. The architecture of this model can be broken down
into three key stages. The first stage solely depends on images from the camera data.
The first detections are generated by a CenterNet network [372] in the way that image
features are extracted to make predictions on where object centers can be. Then, object
properties such as 3D dimension, rotation, and depth are regressed based on the previ-
ous predictions. In the second stage, radar point clouds are processed in a number of
steps on the radar channel. They are used to generate frustum-shaped RoIs to filter out
unrelated points and keep the ones that actually correspond to the objects on the image
plane. In addition, point clouds go through a pillar expansion procedure to compensate
for inaccurate height data. Having completed the radar associations to the correspond-
ing objects, depth and velocity information are used to create radar feature maps. Next,
radar and image feature maps are aggregated and fed to the secondary set regression
heads to refine and re-estimate the mentioned attributes. At last, all the primary and
secondary information are fed to a decoder to render 3D detections.

3.3.5 Transfusion

Among all fusion models, lidar and camera pairs are popular and well-known in the
community. Taking advantage of lidar modality offerings, many fusion models have
shown improved performance compared to single-modal ones. In the meanwhile, Bai et
al. [23] propose TransFusion that exploits the concepts of transformers in its architecture
in the middle of the detection mechanism. The structure of the model can be broken
down into two streams, i.e. lidar and camera streams. Lidar points cloud is accepted
as the first stream input which passes through a VoxelNet [374] backbone for feature
extraction from the bird’s eye view (BEV). These feature maps will be further used in
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the first decoder transformer section for initial bounding box regression. CenterNet is
employed as the 2D backbone in the Camera stream to extract feature maps from the
input images.

Having the feature maps from both modalities, object queries for the first decoder
layer will be generated. The authors refuse to set queries as learnable parameters and
take extra steps to generate them based on the input data. More specifically, each
object query contains both position and feature queries. Unlike previous works, the
position query is built based on the observed whereabouts of the candidate objects on
the extracted heat maps. Feature query embeddings contain information about other
properties such as box size, etc. The knowledge from image feature maps is injected into
the lidar features to achieve better query initialization. In other words, high-resolution
image features help to detect instances that are difficult to acknowledge by lidar due to
their sparse nature. Finally, the queries are fed to the first decoder layer and primary
predictions are generated. In the second stage, the initial predictions and object queries
from the previous stage are fused with image features by a handcrafted module called
spatially modulated cross attention (SMCA) to build soft associations. This enables
the model to exploit rich contextual information from the camera and perform more
robustly. In the end, after refining and fusing the information acquired from the inputs,
a feed-forward network will generate the final predictions.

3.4 Evaluation

This section belongs to the performance evaluation of the methods described in the
previous section. Evaluation and accuracy metrics are defined followed by a thorough
analysis of the performance of each model.

3.4.1 Accuracy Metrics

Nuscenes framework defines a number of metrics with which models can be evaluated.
Two of the key metrics, namely, AP and NDS are chosen for evaluation. We use AP both
for measuring the detection accuracy of each model for some specific and key categories
as well as the mAP for taking an average over all categories.

Average Precision metric The Average precision metric is widely used in detection
tasks. It evaluates the precision-recall curve which shows a trade-off between precision
(the portion of true positives among all predicted positives) and recall (the portion of true
positives among all actual positives) [129]. For object detection tasks, the measurement
of the intersection of union (IoU) with ground truth as the matching function is mostly
common. One downside of the IoU matcher is that the method is biased inversely towards
object sizes and is affected by object orientation as well [100]. However, in Nuscenes,
the 2D distance between the centers is considered with AP calculations which helps to
solely focus on detection and filter out unwanted impacts from object properties such
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as those mentioned earlier. Consequently, the distance threshold for defining a match is
defined as below.

D ∈ {0.5, 1, 2, 4} (3.3)

The mean Average Precision for detection on C classes is defined below:

mAP =
1

|C|.|D|
∑
c∈C

∑
d∈D

APc,d (3.4)

Nuscenes Detection Score Following the aforementioned method to compute AP,
the authors establish five other metrics dedicated to other object properties such as size
and velocity. The Nuscenes detection score (NDS) metric is where every 6 evaluation
metrics in a weighted combination manner to collectively represent a method’s perfor-
mance. The NDS is defined as below where mAP is the mean Average Precision, and
TP is a set containing the other 5 metrics.

NDS =
1

10
[5 mAP +

∑
mTP∈TP

(1−min(1,mTP ))] (3.5)

3.4.2 Experimental Results

In this section, we provide an analysis of the performance of the detectors from three
different aspects. First, we will analyze the learning curve of the models with a batch size
of one, which we can refer to as Basic Learning Curve. Next, the detection accuracy is
assessed versus the number of parameters that build up each architecture. The parameter
count is an indication of the required computation power for each model which is an
important concern for deployment in field. Lastly, the models’ robustness against severe
weather conditions is assessed. Specifically, the impact of rainy weather on the detection
accuracy will be studied. All models are trained on the NuScenes dataset to achieve their
optimal performance.

Basic Learning Curve

When a training process is done with a batch size of one, also known as stochastic
gradient descent, it reveals information about the learning characteristics. In this section,
all models have been trained on the NuScenes dataset with a batch size of one for
40,000 iterations. The total loss of each model is converted to the dB scale for better
visualization of large and small scales and the results are depicted in Fig. 3.1.

As observed, among all models, RRPN has the fastest speed of convergence whereas
TransFusion-LC requires more training in search of an optimal point. Furthermore,
CenterFusion shows superior training stability with a smooth curve and little fluctuations,
while others are more sensitive to the ordering of data. Notably, while lower loss values
can be an indication of better performance, it is not the only factor and several other
aspects should be considered for a comprehensive evaluation.
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Figure 3.1: The smoothed basic learning curves of the selected models. Linear filtering
is applied to provide better visibility.

Accuracy of Detection

The optimum performance of the selected algorithms is brought in Table 3.1. It should
be noted that the RRPN model only uses front and back cameras as well as front and
two rear radar data for training. PointPillars+ superior performance is achieved through
more training, sampling, and finer choice of pillar size while the model is the same.

Figure 3.2 summarizes model accuracy versus parameter count. An ideal model is
one that provides accurate detections while having a small number of parameters. This
can be found in the upper-left corner of the figure. It can be observed that all models
are more accurate than the baseline (PointPillars).

Both mono and multi-modal TransFusion models demonstrate supremacy compared
to all other methods in terms of overall mAP and also for each category. One primary
factor is the exploitation of very fine voxel resolution (0.075, 0.075, 0.2) [23] which results
in the preservation of small details. On lidar-based methods, Transfusion-L performs
better than both PointPillars algorithms despite both having about the same parameter

54



10 20 30 40 50 60 70

Number of Parameters [1e6]

30

40

50

60

70
m

A
P

[%
]

Centerfusion

RRPN

TransFusion L

TransFusion LC

FCOS3D

PointPillars

mAP vs Number of Parameters

Figure 3.2: Comparison of detection accuracy (mAP) vs number of parameters.

count. However, moving towards a more complex model, TransFusion-LC)improves the
mAP only by a margin of 3.3%. Contrarily, while FCOS3D has many parameters, the
performance falls short of expectations, compared to RRPN with fewer parameters for
more accurate detections.

From the above, it can be inferred that the higher the parameter count is, the higher
the complexity will be, and consequently, the more computational power is needed for the
model to perform. However, there are limitations to power and computation resources
on an AV platform. Therefore, the growth of model complexity should be justifiable by
improvements in accuracy.

Robustness to Different Weather Conditions

One aspect of object detectors, which is mostly neglected in many studies, is how reliable
their detections are when facing rough weather conditions such as rain, fog, snow, etc.
In this section, the effect of rainy weather on the overall and category-base accuracy
of three models, including PointPillars, FCOS3D, and CetnerFusion is studied. We
divided the NuScenes validation dataset into two sets, normal and rainy weather, and
tested the models on both. Among these, PointPillars and Centerfusion show the most
and the least robustness to change in weather conditions with a drop of 2.52% and
12.24% in overall accuracy, respectively. The drop in performance mostly stems from

55



Table 3.1: Perception models detection accuracy measured by mAP and NDS. The values
provided are in percentages.

Model
Modality

mAP Car Truck Pedestrian NDS
C L R

TransFusion-LC ✓ ✓ 68.8 87.1 60.0 88.4 71.7
TransFusion-L ✓ 65.5 86.2 56.7 86.1 70.2
RRPN ✓ ✓ 43.0 44.2 51.6 22.0 -
PointPillars+ ✓ 40.1 76.0 31.0 64.0 55.0
FCOS3D ✓ 35.8 52.4 27.0 39.7 42.8
CenterFusion ✓ ✓ 32.6 50.9 25.8 37.0 44.9
PointPillars ✓ 30.5 68.4 23.0 59.7 45.3

not being able to correctly detect small or narrow objects such as traffic barriers and
pedestrians. PointPillars heavily struggles to correctly detect pedestrians, due to how
rain impacts the recorded point clouds, while the other two almost experience a small
decline. Furthermore, regarding detecting large objects such as trailers, it is observed
that FCOS3D performs well under normal conditions but is considerably influenced by
image quality degradation when it rains.

3.5 Conclusion

We have performed an intensive analysis of the performance of a wide range of perception
models in the field of AV, which consists of mono and multi-modal algorithms. Our
comparison framework is based on the extensive NuScenes dataset and its evaluation
metrics. This study has delved deep into the learning characteristics of the selected
models and emphasizes on how well and quickly each model adapts to the training
data. Furthermore, detection accuracy and its relation with the degree of complexity is
highlighted. It shows that even though there is a trade-off between model complexity
and accuracy, increased complexity does not necessarily lead to more precise detections.
Lastly, algorithms are put under rough weather conditions to measure their robustness.
Robustness to different weather conditions, noise, etc. is a key to the realization of AV
in practice.
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Chapter 4

System Design and Methodology

In previous chapters a comprehensive overview of the perception systems of AV was given,
highlighting their purpose, characteristics, challenges, and a spectrum of approaches.
Perception systems are an essential step for an AV to become aware of the happenings
in its surroundings. Traditionally, cameras and then LiDAR sensors were used as the
main sensing modalities in system design. These approaches have been shown to perform
well under ideal situations, for instance, adequate illumination or normal weather condi-
tions. However, their performance significantly degrades under realistic scenarios where
a variety of events occur such as different illumination conditions, or reduced visibility
during adverse weather conditions such as heavy rain, fog, snow, etc. Consequently, the
sensitivity of these methods to the changes in environmental situations undermines the
reliability of perception systems, posing significant safety concerns for AVs.

4.1 Problem Overview

Recent studies, such as [86,205,257,266,351,356], have investigated Radar sensor charac-
teristics which led to uncovering its inherent advantages that are beneficial in enhancing
the performance and robustness of the perception system. However, Radar sensor appli-
cations in the perception field remain relatively underexplored compared to cameras and
LiDARs, creating a knowledge gap and underscoring the need for more comprehensive
research on Radar-aided perception methods. Furthermore, high-quality and diverse
datasets are an essential requirement and tool in deep learning-related studies. Even
though there are more than 60 public datasets [144] for perception purposes, about 10
are available including Radar recordings [25, 26, 80, 121, 217, 219, 276, 280]. Additionally,
most of these datasets offer Radar measurements as point clouds which are extremely
sparse compared to denser LiDARs point clouds.

To address this gap, our main contribution is the design of a unified system that
aims to improve the quality of the existing Radar point cloud portion of the datasets.
Inspired by Radar’s analog azimuth-range maps, our framework employs a probabilistic
occupancy grid mapping system. This system processes sparse Radar point cloud frames
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and generates enriched and detailed maps. The semi-continuous properties of these
generated maps recreate the environment and capture the contextual details around
the ego vehicle. These enriched maps serve as a superior alternative to sparse raw
point cloud frames, facilitating the study of Radar sensor modalities and accelerating the
development of more robust and performant models. While there have been attempts at
occupancy grid mapping using Radar measurements [116, 244, 289, 290, 326], to the best
of our knowledge, our system is the first to offer a generalized solution for transforming
Radar point clouds into occupancy maps specifically to enhance perception performance
in the field of object detection.

4.2 Background

The goal of occupancy grid mapping algorithms, which is extensively studied in the lit-
erature, is to calculate the posterior occupancy probability distribution over the map
given the measurements of the range finder sensor and the odometry information of the
ego vehicle. At each time step, the ego vehicle is located at coordinates (x, y), measured
and reported by the odometry sensors, and detects targets located at various positions
in its surroundings. Consequently, the algorithm relies on two sets of inputs: sensor
measurements and vehicle position. While sensor measurements are directly obtainable
from Radar point clouds, accurately estimating vehicle pose remains a complex task, of-
ten tackled using Simultaneous Localization and Mapping (SLAM) algorithms for robust
localization, as extensively reviewed in literature in [97]. In this chapter, we assume the
vehicle position is known at every time step, simplifying the mapping problem to one
with known poses.

Initially, the mapping environment is established with arbitrary height and width,
which are often equal in this context and denoted as grid edge. Then, the grid is uni-
formly divided into equally sized grid cells. Each cell has a binary random state toggling
between occupied and free which are denoted by 1 and 0, respectively. The expression
p(m|z0:t, x0:t) denotes the probability of the map m which consists of grid cells, cm,n ∈ m.
Here, z0:t is the sensor measurements, and x0:t is the pose information of the ego vehicle
from t = 0 up to the present time.

Calculating the posterior of a map is a high-dimensional problem with requires further
simplifications for practical use. For example, mapping an area of 100m by 100m with
cells of size 10x10 cm2 gives a total number of 1,000,000 variables, if binary, results in
21,000,000 different maps. To manage this complexity, a common assumption is made that
the states of cells are independent of each other. Consequently, the posterior becomes a
product of marginal distributions, as shown in eq. 4.1.

p(m|z0:t, x0:t) =
∏
m,n

p(cm,n|z0:t, x0:t) (4.1)

By using factorization, the estimation of the posterior map given the sensor measure-
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ments and the ego vehicle positions can be decomposed into individual binary estimations
of cells. This problem can be solved by employing a filtering algorithm known as the
Binary Bayesian Filter. Assuming static cell states, Bayes’ rule applies as follows:

p(cm,n|z0:t, x0:t) =
p(zt|cm,n, z0,:t−1, x0:t)p(cm,n|z0:t−1, x0:t)

p(zt|z0:t−1, x0:t)
(4.2)

Further simplification using Markov’s assumption, where future information in the
prior is disregarded, leads to eq. 4.3:

p(cm,n|z0:t, x0:t) =
p(zt|cm,n, xt)p(cm,n|z0:t−1, x0:t−1)

p(zt|z0:t−1, x0:t)
(4.3)

Applying Bayes’ rule to the forward measurement model p(zt|cm,n, xt), we derive the
following expression:

p(zt|cm,n, xt) =
p(cm,n|zt, xt)p(zt|xt)

p(cm,n)
(4.4)

Substituting this into the expression 4.3, the final equation is obtained:

p(cm,n|z0:t, x0:t) =
p(cm,n|zt, xt)p(zt|xt)p(cm,n|z0:t−1, x0:t−1)

p(cm,n)p(zt|z0:t−1, x0:t)
(4.5)

Similarly, an expression for the empty cells, p(c∗m,n|z0:t, x0:t), can be derived as show
below:

p(c∗m,n|z0:t, x0:t) =
p(c∗m,n|zt, xt)p(zt|xt)p(c

∗
m,n|z0:t−1, x0:t−1)

p(c∗m,n)p(zt|z0:t−1, x0:t)
(4.6)

By computing the ratio of eq. 4.5 and eq. 4.6, certain terms will cancel out thus
simplifying the computations significantly. Replacing p(c∗m,n|zt, xt) by 1 − p(cm,n|zt, xt)
we will have:

p(cm,n|z0:t, x0:t)

p(c∗m,n|z0:t, x0:t)
=

p(cm,n|zt, xt)

1− p(cm,n|zt, xt)

p(cm,n|z0:t−1, x0:t−1)

1− p(cm,n|z0:t−1, x0:t−1)

1− p(cm,n)

p(cm,n)
(4.7)

The expression of l(x) is known as the log odds of probabilities and relates to the
probability p(x) as follows:

l(x) = log(
p(x)

1− p(x)
) (4.8)

p(x) = 1− 1

1 + el(x)
(4.9)

Equation 4.1 computes the product of a large number of probabilities, each ranging
between 0 and 1. This results in extremely small values, posing numerical issues in
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practical implementation. Thus, the log odds representation helps avoid numerical issues
by transforming the eq. 4.7 into a summation of terms:

l(cm,n|z0:t, x0:t) = log(
p(cm,n|zt, xt)

1− p(cm,n|zt, xt)
)+log(

p(cm,n|z0:t−1, x0:t−1)

1− p(cm,n|z0:t−1, x0:t−1)
)+log(

1− p(cm,n)

p(cm,n)
)

(4.10)
Thus, the final update rule for the filter is expressed in log odds representation as:

l(cm,n|z0:t, x0:t) = l(cm,n|zt, xt)︸ ︷︷ ︸
Inverse Sensor Model

+ l(cm,n|z0:t−1, x0:t−1)︸ ︷︷ ︸
Recursive Term

− l0(cm,n)︸ ︷︷ ︸
Map Prior

(4.11)

In the expression above there are three distinct terms, playing a distinct role in ad-
justing the probability of occupancy for each cell. Starting with the last term, l0(cm,n)
represents the prior information of the map at the beginning, often a constant value
denoted as l0. Typically, there is no previously available information from the state of
the cells cm,n, as they can be either occupied or empty. This results in a zero log odds
value. The second term is a recursive relation that contains the posterior information
of the previous time step at t − 1. The first term is the core of this filtering algorithm,
known as Inverse Sensor Model or ISM. This modeling method is commonly used when
measurement space is more complex than state space. The Inverse Sensor Model term
captures the unique characteristics of the sensor and models how it perceives its sur-
roundings. At each time step t, the cells residing in the perception field of the sensor will
be affected and the states will be updated accordingly. It is crucial to define and adjust
this term according to the type and operating principles of the sensor utilized.

4.3 PARMG: Pseudo-Analog Azimuth-Range Radar

Maps Generator System

In the preceding section, we introduce our proposed framework aiming to address the
challenges mentioned at the beginning of this chapter by transforming the sparse Radar
measurement to detailed occupancy maps, capable of presenting the contextual details
of the surrounding environment. Recent studies [26, 254] have demonstrated that semi-
continuous Radar scans are significantly successful in recording and preserving the details
of driving scenarios compared to sparse point cloud measurements. Figure 4.1 illustrates
a comparison of Radar frames from NuScenes and Oxford Robotcar datasets, presented in
the point cloud and range-azimuth scan format. The difference in the level of recorded
details from each scene can be clearly observed. While the scenes have successfully
captured the approximate outline of objects and road structure, the raw point cloud
frame struggles to preserve the structure of the surrounding world, hardly distinguishable
without additional images or LiDAR data.
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Almost all object detection models rely on the features learned throughout the learn-
ing process to find and pinpoint the object instances on an input frame. Even a powerful
object detector model cannot perform well on an extremely sparse input without much
information on the layout or shape of objects.

(a) Point cloud Radar frame from Nuscenes
dataset

(b) Analog Radar scan from Oxford
Robotcar dataset

Figure 4.1: Comparison of scenes details measured in analog scan and point cloud format.

Inspired by the properties of analog scans, we propose a unified system called Pseudo-
Analog Azimuth-Range Radar Maps Generator System (PARMG) that utilizes the Bayesian
filtering algorithm to process Radar point clouds to produce a detailed representation of
the surroundings. Our goal is to derive probabilistic occupancy grid maps that mimic
the behavior of analog scans. Our system core is an inverse sensor model designed specif-
ically based on the characteristics of a Radar sensor. This design enables our framework
to build occupancy maps from the view of a Radar sensor accounting for its operating
principle and properties. Additionally, for the two-dimensional input point clouds, we
implement an adaptive height augmentation process that assigns height to different cells
relative to their occupancy states. This gives slice-wise depth to the generated map,
taking advantage of the key 3D information available from Radar intrinsic matrices.
Moreover, driving scenarios contain both stationary and moving objects. However, the
traditional occupancy grid mapping algorithms are mainly used to map the stationary
state of the environment. To this end, we design our system to extend grid mapping to
support dynamic objects, such as moving vehicles and pedestrians, as well as static ones.
Furthermore, PARMG includes a sensor fusion scheme that supports an arbitrary num-
ber of sensors and enables the mapping procedure in different configurations. Therefore,
our framework can be customized to be used on different Radar point clouds to generate
the occupancy maps which we call Pseudo-Analog Azimuth-Range Radar Maps. The
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architecture of our system is illustrated in fig. 4.2
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Figure 4.2: An overview of the architecture of PARMG including (1) multi-view sensor
fusion for supporting various sensor configurations, (2) the Radar-specific inverse sensor
modeling module responsible for the calculation and updating the probability state of
grid cells, (3) the dynamic target handling utilizing an exponential forgetting factor,
and (4) the motion compensation unit implemented for ensuring continuous, correct and
consistent mapping of the environment.

4.3.1 Radar-specific Inverse Sensor Modelling and Adaptive
Height Augmentation

Traditional occupancy grid mapping has primarily focused on range sensors that use
sound and laser beams to measure the distance of the targets. These methods often
employ different approaches, such as ray casting, to characterize the sensor perception
behavior. For example, Octomap [158] is a well-known software developed for 3D oc-
cupancy mapping for LiDAR sensors. However, the LiDAR-oriented developed models
cannot be directly used for Radar sensors due to their fundamental differences. LiDARs
use laser beams, with wavelengths of 905 and 1550 nm, to interact with the environ-
ment and calculate the distance of targets by measuring the travel time of the beam.
In contrast, Radars measure the distance by emitting lower frequency (e.g. 74 GHz)
electromagnetic (EM) waves, with the wavelength in orders of millimeters. The spectral
difference of these beams results in different characteristics of the sensors.

The laser beams emitted by LiDAR behave similarly to visible light. They can be
reflected, absorbed fully or partially, and can pass through transparent objects. In real-
world driving scenarios, nearly all objects are opaque, reflecting a portion of the beams
and absorbing the remainder. Therefore, in the mapping procedure, the area behind
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each detected object is deemed uncertain as no information is available from this mode
of measurement. Conversely, Radar’s EM waves can penetrate objects, fully or partially,
depending on the material and electromagnetic properties. For instance, while metallic
surfaces such as vehicle bodies, hoods, and doors are excellent reflectors due to their
composition, materials like plastic or composite components, commonly found in vehicles,
can be partially penetrated by the EM waves. This means some objects that are opaque
to LiDARs can be partially transparent to Radars, allowing the sensor to see behind
them. This significant difference between LiDARs and Radar must be considered when
designing the inverse sensor model.

In this section, we present details on the initial state of the grid cells and the inverse
sensor model module of our system which is designed to account for these unique char-
acteristics. Inspired by [243, 290], this module utilizes two distinct functions denoted as
Occupied and Empty Area Inverse Sensor Model. The occupied area ISM models the
presence of an object by a Gaussian distribution and the empty area ISM identifies the
unoccupied space based on the information from the whereabouts of the targets. This
approach ensures a comprehensive representation of both occupied and empty areas in
the environment tailored by the Radar sensor.

Grid Initialization

The occupancy grid mapping algorithm developed in eq. 4.11 is a recursive procedure
that utilizes the present-time measurements to update the information from the previous
time step. Consequently, an initial condition should be specified at the beginning. This
initial condition corresponds to the term l0(cm,n) which contains the prior information of
the environment. If previous knowledge is available, it should be incorporated into the
algorithm through this term. However, in most cases, no initial information is available
from external sources or sensors. Therefore the system is initially uncertain about the
state of every observable cell.

p(cm,n = occupied)|t=0 = 0.5 ⇔ l(cm,n)|t=0 = 0 ∀m,n (4.12)

As shown above, to initiate the grid at the beginning, a value of zero is assigned to
every cell, representing an equal probability of being occupied or empty. The algorithm
will then update these values based on the sensor measurements, progressively refining the
occupancy map as more data is collected. This initialization ensures that the mapping
starts with a neutral state and gradually builds up an accurate representation of the
environment.

Occupied Area Inverse Sensor Model

Many software and mature algorithms such as Octomap [158] have been developed for
grid mapping purposes, but they typically model how LiDARs perceive the environment.
Our design performs occupancy grid mapping from the perspective of a Radar sensor.
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An occupancy map consists of three regions: occupied, empty, and unknown. At the
beginning of the process (t = 0), the state of every cell in the map is unknown. When
the first point cloud frame is fed to the system, containing point measurements of objects,
initial occupied places are identified.

These sensor measurements are not perfectly accurate and include a margin of error.
The measured target identifies the location with a high likelihood of being occupied
and the surrounding areas are considered with decreasing probabilities to account for
measurement uncertainties. To model this behavior, we use a 2D Gaussian distribution
in the coordinates of the measurement sensor and adjust its parameters with respect to
the technical specifications. The occupancy PDF is expressed in eq. 4.13.

pi(r, θ) = A.exp(−(
(r − ri)

2

2σ2
r

+
(θ − θi)

2

2σ2
θ

)) (4.13)

The expression above describes an occupancy probability around a target located at
(ri, θi). The coefficient A is a constant value of 1

2πσrσθ
that is used for the normalization

of the distribution. The shape of the Gaussian distribution is determined by the two
error parameters, σr and σθ which correspond to detection range and azimuth angular
measurement accuracy, respectively. Intuitively, as we move farther from the measure-
ment location, the likelihood of the cells being occupied by that object decreases. For
example, if measurement errors of a sensor are large, a broader span of the distribution
is employed to account for these errors. At the end, the affected cells cm,n are assigned
the value l(cm,n|zt, xt) = l(pi(r, θ)).

In addition to sensor accuracy parameters, the Radar Cross Section (RCS) is one the
outputs from the measurement and is a way of assessing the detectability of an object,
often tailored in dBsm (dB per square meter) unit. Objects with with larger physical size
or better reflectance exhibit larger RCS values and, therefore become more detectable.
In order to incorporate the impact of the RCS values on the occupancy probability, we
map the RCS values to a range of 0.5 to 1.5, utilizing a sigmoid function, and multiply
the final probabilities of each target by the corresponding mapped RCS coefficient.

In this framework, the ISM is applied to each target individually to process and
update the state of the surrounding cell. For generating a high-quality map, discussed
in 5.2.1, cells smaller than a certain size are required. However, smaller cells increase the
total cell count, leading to computationally expensive processes. Therefore, we employ
two estimation strategies to reduce the computational cost of cell processing. Firstly, the
cells within the range of 2.5σr and 2.5σθ of the center of the probability distribution are
preserved, totaling more than 95% of the information, whereas the cells falling farther
are discarded. Secondly, assuming that the cell area is smaller than the distribution area,
we estimate the integration of the PDF as the sum of the cell areas, making a trade-off
between estimation error and computational efficiency.

Furthermore, to avoid the strong accumulation of large numbers, we define a max-
imum and minimum range for the probabilities. According to the log odds definition
in eq. 4.8, as the probability approaches to zero or one, the log odds values increase
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infinitely. To prevent this, we implement an upper bound of 0.9991 and a lower bound
of 9× 10−4 that constrains the log odds value in the range of [−7, 7]. These limitations
ensure the model produces smooth output and maintains a consistent dynamic range by
avoiding extremely large numbers.

Empty Area Inverse Sensor Model

When a target is detected by the Radar and no other targets are present in the perception
field, we can infer that the area between the vehicle and the target is empty. This requires
a mechanism that applies to the cells within the perception cone and decreases their
probability of occupancy. In LiDAR-based methods, the area between the vehicle and
each target is designated as a zone free of any occupants and no other information can
be inferred from the area behind the objects, at larger ranges. However, considering the
penetrative properties of EM waves, we customize a second function for our ISM that
enables the mapping system to consider the targets observed behind closer objects.

In this model, if there are no other objects between the sensor and the detected
target, the cells within the detection area are biased towards the empty state by a
constant negative log odds value, denoted by lempty < 0. However, if there is an object
in the way, the empty area shared with farther targets will still experience a decrease
in occupancy probability, as well as the area between the closer and the further targets.
But the closer target and its neighborhood will not experience this decay. Therefore,
farther objects will not be masked by nearer targets, and the empty area among them
is preserved. These advantages enable us to make the most use of the measurements
provided by the sensor to build more informative and detailed maps with a longer range
of detection.

Additionally, unoccupied areas can be inferred between two consecutive targets. If
two neighboring targets are detected at (ri, θi) and (rj, θj) and no detection occurs with
the angular interval of [θi, θj], this conical zone can be deemed unoccupied. Consequently,
the state of all the enclosed cells can be pushed toward being object-free.

The chance of missing a target increases with the distance due to phenomena such as
multi-path, low RCS, or signal attenuation. To account for these kinds of measurement
errors at larger distances, we implement a range-dependent function, unlike the previous
constant function, that associates a low occupancy probability to closer cells and grad-
ually increases the probability to 0.5, with increasing range. The choice of this function
is arbitrary and can be configured depending on the application and the dimensions of
the mapping area. Some studies [290] have proposed linear functions for this purpose.
Experimentally, we chose an exponential form that associates more probability of empti-
ness to the close neighborhood of the vehicle and makes a transition to the unknown
state for the cells farther away.

Figure 4.3 provides an example of the Radar-specific ISM interacting with three
objects at different locations. The upper figure 4.3a illustrates the scenario in sen-
sor view, and the bottom figure 4.3b presents the scenario in BEV, all cropped to
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r ∈ [0, 12] and θ ∈ [0, π/2]. In this scenario, three targets are located at (r, θ) ∈
{(4, π/3), (9, π/3.4), (9, π/6)}. Initially, the algorithm identifies the empty spaces from
the ego vehicle to all targets, as well as the empty area between the two at r = 9, which
are colored dark blue. Then, the occupancy probabilistic distribution affects the state
of the cells around the detected targets to produce the final map. Furthermore, it can
be observed that the second target located at (9, π/3.4) is partially masked by the closer
object at (4, π/3). Despite the occlusion, the angular interval of θ ∈ {(π/3, π/3.4)} is
deemed empty in the range of r ∈ {(4, 9)} due to the characteristics of Radar sensors
embedded into the ISM module. Additionally, the exponential increase in occupancy
probability with a range in the free area between the two targets at r = 9 is evident.

Adaptive Height Augmentation

In our approach, we implement an adaptive height augmentation technique, extending
the 2D map to a semi-3D representation. This involves generating a two-slice occupancy
map where each grid cell is assigned a height value leveraging the distinction between
the occupied and empty areas. For cells identified as occupied, we assign a height value
corresponding to the reference point elevation from the ground, to give a realistic height
dimension to objects. Conversely, cells marked as unoccupied are assigned the height
of zero, at road level, indicating the absence of any obstacles or objects. This adaptive
height assignment enhances the spatial understanding of the environment.

4.3.2 Static and Dynamic Objects Mapping

Traditional occupancy grid mapping algorithms assume that all entities in the environ-
ment are static and that no changes occur during the mapping process. However, in
real-world driving scenarios, both static and dynamic objects are present and should be
taken into account. Static objects are stationary and remain at the same location with
respect to the global frame, whereas the location of dynamic targets changes over time.
Therefore, a cell deemed occupied at one moment could be free at the next. Conse-
quently, our system, first, separates static and dynamic objects and performs mapping
on each set individually to deal with dynamic targets accordingly. One advantage of
Radar sensors is the ability to simultaneously measure the location and the velocity of
the targets. Therefore, based on the velocity of the detected objects and the speed of the
ego vehicle, acquired from the odometry unit, the state of the target can be identified,
thereby static and dynamic instances can be differentiated.
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(a) Polar Coordinates

(b) Cartesian Coordinates

Figure 4.3: This figure shows an example of an occupancy map of three targets located
at (r, θ) ∈ {(4, π/3), (9, π/3.4), (9, π/6)} in the polar and Cartesian coordinates. The
reference view is located at the origin, (r, θ) = (0, 0).
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Having separated the dynamic and static object points, the two frames undergo reg-
ular mapping procedures individually to build the local occupancy grids. At t = 0, both
maps are stored in a memory to be used in future steps. Then, the dynamic map is
superimposed on the static grid, generating the final output for the first iteration. For
the subsequent interactions, t > 0, mapping is done for static and dynamic targets sep-
arately, at first. Then, following the filter update rule expressed in eq. 4.11, the static
and dynamic stored from the previous iteration are recalled to be combined with current
time results. On the dynamic objects pipeline, we embedded an exponential forgetting
factor that enables the system to handle these objects and account for their impact on
the occupancy state of the neighbor cells. This factor is formulated as eq.4.14 in which
τ [s−1] is the time constant and α[s] is the inverse of it that specifies the forgetting rate;
the larger the α becomes the quicker the decay occurs.

e−
∆t
τ

α = 1
τ

(4.14)

The forgetting factor applies to the dynamic occupancy map from the previous sam-
ple, shown in eq. 4.15, and gradually attenuates the probability of occupancy of the cells
at each iteration until the initial uncertain state is regained, assuming no new detection
occurs in that location. Consequently, the time constant needs to be adjusted accord-
ingly. If the values are too small, the past impact of the moving entities will vanish
quickly, whereas a large forgetting factor avoids appropriate temporal adaption to the
new measurements, leaving an interfering mark of outdated samples.

l0:t(c
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dyn
m,n) (4.15)

An illustration of dynamic object handling is provided in figure 4.4. The figure shows
the same environment in four consecutive time samples where the blue, green, and red
colors refer to empty space(lowest occupancy probability), uncertain areas, and the space
occupied by objects, respectively. The second row shows magnified images of the areas
of interest where a dynamic object, a car, is present. The current and initial location
of the object of interest is highlighted by a cross mark and a rectangle. As observed,
the object is moving forward toward the top of the image, which is specified with a red
arrow. Additionally, it can be seen that the area between the ego vehicle and this object
is colored dark blue, referring to the empty spaces, as no other objects were detected in
the middle. Furthermore, the area behind the object of interest is deemed as uncertain,
as no other objects were detected at the back. As the location of this object changes
through time, a yellow-green mark is left at its previous location that vanishes completely
at t = 3. In this scenario, the α is set to ln(0.1)/3 and ∆t = 1 which attenuates the
impact of the presence of the object at its initial place by a factor of 0.1 during three-time
samples. In other words, the probability of occupancy at the initial location does not
change to 50% instantly, but it decreases gradually through time to complete uncertainty,
depending on the α parameter.
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𝑡 = 0 𝑡 = 1 𝑡 = 2 𝑡 = 3

: Target current location : Target initial location

Figure 4.4: This figure shows four consecutive samples from a scene in the NuScenes
dataset. The scene contains the ego vehicle and surrounding objects which are either in
a stationary or dynamic state. The first row includes the complete view of the maps.
The second row focuses on an object of interest, a car that is moving forward toward
the ego vehicle. The changes in the location of this object are accounted for with the
forgetting factor utilized to handle dynamic objects in mapping a driving scenario.

4.3.3 Multi-Sensor Fusion and Motion Compensation

Different vehicles and platforms within the research community use their own specific
setup and sensor configuration. This variation is also reflected in the available datasets
for perception purposes. For instance, the Pixset dataset [121] employs only one front-
view Radar, while the NuScenes dataset [80], uses five Radars mounted on the front
left, middle, and right, back left and back right of the platform vehicle. On the other
hand, the grid mapping filter in eq. 4.11 was originally developed given measurements
from a single sensor. We generalize our system adaptability to different configurations by
implementing a multi-sensor fusion module that unifies the recorder data from different
views, thereby making our system flexible in handling different sensor configurations at
an arbitrary number.

Generally, each sensor tailors measurements in its local coordinates. Consequently, if
the filtering algorithm were to naively process the local measurements, it would result in
an incorrect mapping of the scene. To address this issue, we utilize the intrinsic matrices
of each sensor and transform the local points into a unified view of the vehicle to generate
a consistent representation of the surroundings. The top center of the vehicle is a suitable
candidate for this purpose which enforces a symmetric view from all angles and enables
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a consistent obstacle-free view of the surroundings. We call this point the Reference
Coordinates of View or for short, the reference view.

To arrange the data acquired by all Radar channels into the reference view, we utilize
the intrinsic parameters of each channel with respect to ego coordinates. Generally, ego
coordinates are placed at the center of the vehicle, but if that is not the case, each
point is transformed into ego coordinates and then to the reference view. This process is
expressed in 4.16 where P rchk

i is an arbitrary 3D point measured by kth Radar channel
(rchk) which when transformed to reference view, is denoted by P ref

i . Furthermore,
T ego
rchk

is the transformation matrix from kth Radar channel to ego view, which comprises
of rotation matrix R and translation vector t of the Radar channel with respect to the
ego coordinates. Similarly, the same transformation matrix can be derived for the ego to
reference coordinates. The R and t matrices are called sensor intrinsic matrices typically
reported in the dataset along with sensor configuration.

Having formed the two mentioned transformation matrices, points can be transformed
to the reference view from arbitrary coordinates with known intrinsic following the pro-
cess shown in eq. 4.17. After transformation, the ISM functions apply to the new points
and identify the state of the cells in the local grid.

P rchk
i = [xrk,i, yrk,i, zrk,i, 1]

T , P ref
i = [xref,i, yref,i, zref,i, 1]

T

T ego
rchk

=

[
Rrchk

3×3 trchk
3×1

01×3 1

]
4×4

(4.16)

P ref
i = T ref

ego . T ego
rchk

. P rchk
i (4.17)

The filtering algorithm constructs a local grid map and updates the grid cell states
from each input frame based on current-time measurements and the previous maps.
Additionally, the ego vehicle has different states at different times, such as stationary,
moving, making a turn, etc. Therefore, the vehicle motion and previous positions should
be taken into account while building the present-time map. At time t − 1 the local
grid map is constructed relative to the vehicle’s position (xt−1, yt−1). To ensure correct
updating of the cell states at time t, the previous states must be correctly aligned with
the cells corresponding to the vehicle’s current position at (xt, yt). This process, known
as motion compensation, follows a similar procedure mentioned previously to re-associate
the previous cell states and reflect the viewpoint of the vehicle at its current location.

In this process, our system PARMG utilizes the rotation and translation matrices of
the reference, the ego vehicle, and the global coordinates to build the relevant transfor-
mation matrices. The vehicle motion is captured by the changes in its position relative to
the global frame, making the term T global

ego a function of time. Therefore, to report the new
location of the previous grid cell in the current-time view, they should be transformed
to the global view, shown in eq. 4.18. In this transformation chain, each point P ref

i in
reference coordinates at time t − 1 is first transformed to ego view, using ref-to-ego in-
trinsics, and then from ego to global view to find their true locations, using ego-to-global

71



intrinsics at time t denoted by T global
ego (t− 1). The true location of the cells is the same in

the global view and does not change over time, shown by eq. 4.19. Thus, the points are
transformed back to the ego frame by utilizing the inverse of the ego-to-global transfor-
mation matrix and back to the reference view using the ref-to-ego matrix, expressed in
eq. 4.20.

P global
t−1 = T global

ego (t− 1) . T ego
ref . P ref

t−1 (4.18)

P global
t = P global

t−1 ∀ cells (4.19)

T ref
ego = (T ego

ref )
−1, T ego

global = (T global
ego )−1

P ref
t = T ref

ego . T ego
global(t) . P

global
t (4.20)

Finally, at time t, the correct location of the cells derived in the previous time step is
determined to ensure cells included in the new local grid map correctly represent the en-
vironment. Finally, the state of the grid cell is updated according to the ISM procedures,
incorporating the latest sensor measurements and motion-compensated transformations.

4.4 Conclusion

In this chapter, we discussed our proposed system designed to enhance the quality and
availability of Radar measurements in the perception datasets. By employing Bayesian
filtering and a Radar-specific ISM, our system generates an occupancy grid representa-
tion of the environment around the ego vehicle mimicking the behavior of the analog
azimuth-range Radar scans. Consequently, the OGMs contain fine structural details of
the surroundings, as opposed to sparse point clouds, while accounting for both static and
dynamic objects. The capability of our system to support multi-sensor configurations
extends its accessibility to other datasets and different applications. In the next chapter,
we present the qualitative evaluation of the capabilities of the framework in constructing
high-quality maps and in runtime optimization. Additionally, we will assess its effective-
ness in enhancing the robustness of a benchmark object detection model under adverse
foggy weather conditions.
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Chapter 5

Experiments

In this section, we analyze the performance of our proposed system, namely PARMG,
from three different aspects. We, first, delve deep into the properties of the generated
grid maps by (1) examining the effect of grid cell size on the resolution and the quality of
the maps, (2) investigating the system capabilities from an information-theoretic aspect
at the cell state level, (3) the effectiveness of our approach in tackling the extreme
sparsity issue in the Radar point clouds followed by (4) a qualitative assessment through
entropy metric on the amount of uncertainty eliminated in the occupancy state of the grid
cell. Second, we evaluate the runtime optimization of PARMG by integrating a multi-
processing scheme into the system, mainly aimed at enhancing the runtime of offline
high-quality map construction. Finally, we demonstrate the Radar sensor’s capabilities
in tackling foggy weather conditions by evaluating the impact of adding the occupancy
maps to the input of a baseline object detection on the model’s robustness.

5.1 Overview of Experimental Dataset

For this research, we use the NuScenes dataset [80] that offers a large-scale and com-
prehensive collection of multi-modal recordings. The data is gathered in the urban
environments of Boston and Singapore to capture their heavy and complicated traffic
conditions. It features an all-encompassing sensor suite including 6 cameras, 5 Radar,
and 1 LiDAR sensor providing 360-degree coverage in all modalities, as well as GPS and
IMU data for accurate localization and positioning information. The platform vehicle
used for data collection is depicted in figure 5.1 which illustrates the placement of sen-
sors. Each sensor tailors measurements in its local coordinate which can be transformed
to different views using their intrinsic matrices. The xy-axis of the local frame of each
sensor is specified on the vehicle with respect to the global coordinates. The ego-vehicle
view refers to the IMU sensor position where the kinematics of the vehicle such as ego
positions and acceleration are measured.

This dataset offers around one thousand 20-second video snippets called scenes, each
further broken into keyframe and intermediate-frame samples, also referred to as sweeps.
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Figure 5.1: Overview of the Nuscene’s platform vehicle. This image is taken from the
original paper [80].

Keyframe samples are fully annotated over 23 different object categories whereas the
sweeps, which are about ten times larger in volume, provide supporting data and enable
a smooth transition from one keyframe to the next. The Radar portion of the dataset
consists of recordings in the format of point clouds, describing a two-dimensional slice of
the environment with up to 18 features appended to each point. For this research, we
utilize ego-vehicle positioning and object dynamic information for occupancy mapping
purposes and quality assessment entries for filtering invalid and noisy measurements. The
technical specifications of the Radar sensor, provided by the publisher [278], are used to
configure the hyperparameters of the ISM module in PARMG. A brief description of the
Radar data entries used during the experiments is provided below.

• (x, y, z): 3D position of the measured target, where the height is always set to zero.

• RCS: Radar Cross Section of objects in dBsm (dB per squared meter), indicating
their detectability. This parameter is affected by the material and size of the target
as well as the wavelength and the angle of incident of the emitted beams.

• Dynamic properties: State of the target cluster, categorized as moving, stationary,
oncoming, stationary candidate, unknown, crossing stationary, crossing moving,
and stopped.

• State ambiguity: The uncertainty in determining the state of an object based on
the Doppler response and radial velocity.

• False alarm: Probability of false alarm detection of a cluster, accounting for noise
and artifact caused by multipath effect, etc.
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5.2 The Properties of the Occupancy Grid Maps

In this section, we explore the quality and information-related characteristics of the Oc-
cupancy Grid Maps (OGMs) generated by PARMG. We assess the performance and the
capabilities of our framework in producing suitable maps for perception-related tasks.
In the first experiment, we evaluate the quality of the generated maps at different reso-
lutions by two quality assessment metrics: Perceptual Image Quality Evaluator (PIQE)
and Structural Similarity Index (SSIM). This experiment demonstrates the capability of
our system to record and preserve fine structural details in a driving scenario that cannot
be directly inferred from Radar point clouds.

Next, we assess PARMG’s capabilities from an information-theoretic angle. Initially,
we analyze the constructed maps at the cell level, to investigate the evolution of the state
of the grid cells and how they contribute to creating more informative maps. Following
this, we inspect the effectiveness of our approach in addressing the issue of Sparsity in the
Radar point clouds. We show that the average number of Radar points per frame in the
Nuscenes dataset is about 122.6, which is an extremely inadequate number for reliable
perception. Therefore, we test the ability of our framework to reduce this sparsity and
enhance data density. Lastly, we employ the Entropy metric to assess the capability
of our system to generate a rich representation of the surroundings by reducing the
ambiguity of the state of grid cells in the area and increasing the predictability of the
situation for more reliable navigation.

5.2.1 Resolution and Map Quality Evaluation

The purpose of our method was to construct OGMs that are capable of reconstructing
and estimating the structural details of a driving scene lost by sparse sampling in the
Radar point cloud. Prior research has shown that the quantization error, which occurs
when sampling an environment with cells and representing it in a grid format, becomes
significant if the cell edges exceed 0.25 meters [290]. This quantization error introduces
noise and distortion during the process, degrading the quality and resulting in inaccurate
maps.

In this section, we qualitatively assess the impact of cell size on the resolution and the
quality of the OGMs. We employ two visual quality metrics, namely, Perception-based
Image Quality Evaluator (PIQE) [311] and Structural Similarity Index (SSIM) [324] as
the base of our analysis. These algorithms evaluate an input image and assign a numerical
score based on its quality, structural consistency, and representation of information.
Given the dynamic nature of local OGMs, where maps evolve over time, it is crucial
to capture the evolution and flow of information across the time axis. Therefore, we
perform our assessment on the quality of generated maps with different cell sizes and
compare them at each time step. Specifically, first, we fix map edges to a 100m by 100m
area. Then for the mapping scenario, we selected a sequence containing scenes from the
ego vehicle passing over a bridge, navigating through populated areas, junctions, and
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red lights with pedestrians, parked and moving parked cars. For this evaluation, a full
sequence of maps is generated with four different resolutions by adjusting the cell edges
to 1, 0.5, 0.25, and 0.125 meters. This approach allows us to systematically analyze the
trade-offs between resolution and map quality, providing insights into the impact of cell
size on the accuracy and details of grid maps.

Figure. 5.2 depicts sample frames of the sequence, selected for this experiment. The
top row belongs to the largest cell size and the lowest resolution, and moving downwards
to the bottom, the cell size decreases and the resolution improves. The improvement in
the quality of the maps and the ability to preserve fine details become evident through
visual inspection of the images from top to bottom. As an example, the second col-
umn tailors the vehicle navigating on a curved road. As shown, the image in the first
row demonstrates the poorest representation of the road structure and the environment.
Conversely, the second-row maps, with a cell edge of 0.5 meters, capture the structural
context but fail to accurately derive the road’s curvature, in contrast to the third and
fourth images. On the other hand, the third and the fourth map show significant im-
provements. As the third-row maps are generated on cell edges of 0.25 meters, slightly
above the quantization error threshold, the distortive impacts caused by the quantiza-
tion process are still visible, compared to the fourth group. This distortion causes a less
smooth mapping of the curvature of the road, similar to piece-wise linear approximations,
and less detail consistency in the map. Meanwhile, the fourth map, with finer resolution,
provides a more accurate and smoother depiction of the road curvature and overall map
detail.

To quantitatively investigate the differences between these group maps, we adopt two
quality assessment metrics, PIQE and SSIM, that assign quality-based scores to each im-
age based on allowing us to draw time step-wise comparisons across different resolutions.
The first metric, PIQE, is a no-reference method that makes assessments based on per-
ceptual quality factors such as clarity and distortion. This algorithm provides local,
block-by-block analysis of the input image and identifies the regions with quality issues.
The final quality score is a weighted average of block scores, where a lower score indicates
better quality.
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a) Cell edge = 1.0 m

b) Cell edge = 0.5 m

c) Cell edge = 0.25 m

d) Cell edge = 0.125 m

Figure 5.2: This figure shows three samples of a sequence recorded at four different
resolutions. The top (a), second (b), third (c), and the last (d) row belong to the grids
with the cell size of 1 × 1, 0.5 × 0.5, 0.25 × 0.25, 0.125 × 0.125m2, respectively, and
the columns show three snapshots of the evolution of maps through time, from the first
frame to the 70th.
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In fig.5.3 the PIQE scores of the map sequences at four resolutions are illustrated. In
the beginning, a transient time is evident during which little information is available for
map generation and most cells are in an unknown state, showing minimal detail of the
environment. As time progresses and the local maps accumulate richer information, they
capture more events and contain more details, but differ in the presentation capabilities
based on the number of total cells in each grid. Smaller cell sizes, which is equivalent
to more cells per grid, are more capable of preserving fine details and therefore result
in higher-quality maps, as observed from the figure. Following the transient period the
blue curve, corresponding to the largest cell size 1× 1m2, maintains the highest PIQE
score (lowest quality) while the purple curve, corresponding to the smallest cell size
0.125 × 0.125m2, achieves the highest perceptual quality among all keeping the lowest
score. According to [281], PIQE scores within the range of [0, 20] indicate images of
excellent quality whereas the [81, 100] interval is for images with very poor quality.
Consequently, as the cell size decreases, leading to better resolutions, the PIQE score
improves from the poor to the higher quality zones. This highlights the flexibility and
capability of PARMG to provide a proper mapping of the surroundings depending on
the requirements of the applications.
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Figure 5.3: Image quality assessment with PIQE metric. The lower score is for images
with better perceptual quality.
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SSIM is a metric that measures the similarity between two images, one as an input
and the other as a reference image. Its design is inspired by human vision’s ability to
extract structural information and assess similarity based on three different aspects such
as luminance, contrast, and structure. The similarity is tailored as a number from zero
to one where one indicates identical images and smaller values are for poor qualities.
Following the previous assessment, in this experiment, we take the sequence generated
at the highest quality as the reference and we compare lower-resolution maps to measure
how successful they were in capturing the structure of the surroundings and preserving
the details recorded in the high-resolution reference map.

Illustrated in fig. 5.4 is the SSIM scoring at each time sample of map evolution. The
second highest resolution map sequence, corresponding to the yellow curve, mostly keeps
a score of more than 85%, demonstrating a strong capability to preserve the structural
information during mapping. As the cell edges grow larger, the ability to record fine
details during the mapping process decreases which is demonstrated by the slump in the
overall and temporal SSIM score.
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Figure 5.4: Image quality assessment with SSIM metric. The highest score corresponds
to the value 1 which belongs to an input identical with the reference image. The lower
score indicates less similarity in structural details and image properties.

Conclusively, our evaluation using PIQE and SSIM metrics across different resolutions
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demonstrates that smaller cell sizes significantly enhance the quality and detail preserva-
tion capabilities of OGMs constructed by PARMG. Higher resolutions consistently yield
lower PIQE scores indicating better quality and clarity of details in the images. When
comparing lower resolution OGMs to the highest quality maps by SSIM scores, we show
the effectiveness of smaller cell sizes in building maps with more preservation of struc-
tural information. These findings highlight PARMG’s flexibility in adapting to various
mapping requirements, ensuring accurate representation of dynamic environments.

5.2.2 Information-Theoretic Evaluation

In the preceding section, we aim to measure the effectiveness of the proposed system,
PARMG, in generating enriched and more informative maps. Our study on the Nuscenes
dataset indicates that the average number of points per Radar frame is approximately
191.6 with a standard deviation (SD) of 47.7 points for up to a 250-meter range which
reduces to an average of 122.6 and SD of 39.9 points for the maximum range of 50
meters, considering our experimental setup. This number is extremely inadequate for
the representation of a 100x100m2 area. The effectiveness of our approach is measured
from three different angles, assessing the flow of information and the evolution of the
grid cell during the mapping process.

For this set of experiments, we perform occupancy grid mapping on the same scenario
from the previous section. We employ PARMG to construct 100 by 100m2 local OGMs of
the surrounding environment from the Radar targets at four different resolutions with cell
sizes of 1x1m2, 0.5x0.5m2, 0.25x0.25m2 and 0.125x0.125m2. First, we provide a cell-level
analysis capturing the evolution of the state of cells as well as their temporal contribution
in preparing the final map. Second, we examine our framework in addressing the sparsity
issue by quantitatively comparing the frames before and after the utilization of PARMG,
at each time step and resolution. Lastly, we assess the information gained from one-time
sample to another by using the entropy metric and measure the effectiveness of PARMG
in reducing the uncertainty in the occupancy state of the environment.

Grid Cells States Analysis

During the evolution of the maps, we conduct a cell-by-cell state analysis at each time
step by measuring the number of total cells that fall into one of the three possible states:
occupied, empty, and unknown (or uncertain) which are expressed in 5.1.

Cell states :


Occupied p(cm,n) > 0.55

Empty p(cm,n) < 0.45

Unknown otherwise

(5.1)

In Fig. 5.5 the behavior of the states of all grid cells is depicted at four different resolu-
tions. Initially, all the maps start with a high number of unknown cells due to the lack of
prior information for the mapping procedure. As the algorithm injects new information
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at each time step, the number of cells with uncertain states decreases rapidly and the
grids make a quick transition from an overall uncertainty towards a more knowledgeable
representation of the environment. Over time the process continues and the reduction in
uncertainty settles at approximately one-third of the initial value.

Moreover, recursive processing of estimating the state of the cells and forming the
occupancy probability distributions contributes to reducing uncertainty. As the filtering
algorithm maps and derives occupied regions from Radar targets, the average number of
cells deemed occupied becomes 220, 1900, 8700, and 38000, from the grid with the lowest
to highest resolution. These amounts, compared to the average of 122.6 Radar targets
per frame mentioned in 5.1, show an information gain of 1.8, 15.3, 70.1, and 306.5 about
the occupied area. However, the identification of occupied regions is the second to the
most contributing factor in OGM construction. The determination of empty zones, which
is guided by the occupied areas, makes the most significant contribution to purging the
uncertainty in the grid maps. As illustrated, the number of empty cells grows to meet
and exchange places with the total number of uncertain cells, early during the transition
period. This transition point characterizes a shift in that state of the map from high
uncertainty to a more informative state. It happens at 0.38, 0.41, 0.61, and 1 second, for
grids with cell edges of 1, 0.5, 0.25, and 0.125 meters, respectively.

It is notable that each decrease in cell size by half between resolutions results in a
quadruple increase in the total number of cells within a fixed grid map. Despite this
quadratic increase, our system prevents the transition point from growing proportion
between two consecutive resolutions. For instance, moving from cell edges of 1 to 0.125
meters, the total number of cells grows by a factor of 64, however, the mentioned tran-
sition point is roughly delayed by a factor of 2.5 from 0.38 to 1 second. This highlights
our system’s robustness in maintaining efficiency despite the significant increase in cell
count at finer resolutions.

Sparsity

One of the major problems with the Radar portion of the available datasets is the in-
adequate amount of available samples relative to the detection range environmental di-
mensions. Addressing this issue, our framework aims to reduce sparsity and generate
more informative maps. In this experiment, an unknown cell is a representation of a
non-existent measurement in that location whereas cells with a known state indicate
the presence of information. Accordingly, we reformulate and define the sparsity met-
ric to be the ratio of cells with unknown states over the number of all cells. From
eq. 5.1 a cell has an unknown state if the probability of occupancy falls in the interval
of 0.45 ≤ p(cm,n) ≤ 0.55. Therefore, the sparsity metric can be expressed as shown in
eq. 5.2 where < . > is the cardinality of the set, M and N are the height and width of
the grid which are equal in our case where a rectangular-shaped grid is used.

Sparsity =

∑
< cm,n|0.45≤p(cm,n)≤0.55 >

M . N
; M = N (5.2)
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Figure 5.5: Cell-by-cell State Analysis. In this figure, the red, blue, and green curves
belong to the number of cells with occupied, empty, and unknown states, respectively.

Figure 5.6 shows the measured sparsity of the grid cells at each time step across
the four different resolutions. Prior to the mapping procedure (t < 0), with only 122.6
average Radar targets projected on the grid cells, a sparsity of more than 98.7% exists
in our scenarios. In the first frame constructed by PARMG at t = 0, an instant drop
of sparsity to less than 75% is evident in fig 5.6. Despite the initial uncertainty in the
states of many cells, the first iteration identifies the initial occupied and empty zones
contributing to this more than 25% reduction. The rapid increase in the identified zones
continues to the t = 2 seconds where an overall of more than 60% reduction in sparsity
is achieved. Beyond t > 2, as more cell states are identified, the sparsity gradually
converges, experiencing fluctuation influenced by local adjustments made by the filtering
algorithm.

Among the four resolutions, the lowest-resolution map exhibits the lowest percentage
of sparsity whereas the highest-resolution map shows a higher percentage. It is note-
worthy that higher grid cell counts require more processing to reduce sparsity. In this
experiment, from a lower resolution to the next higher, the total number of cells in-
creases by a factor of 4. Despite the highest sparsity occurring in the grid map built on
0.125x0.125 m2 cells, with the highest total number of cells, this grid map successfully
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maintains a maximum of 5% gap between itself and the adjacent-resolution map. For
instance, at t = 4 seconds, the yellow curve, with 16× 104 cells, stays at 30% sparsity
whereas the purple curve, with 64×104 cells, stays nearly at 35%. This is the case where
a 300% increase in the number of total cells resulted in a maximum of 5% increase in
temporal sparsity. This highlights the effectiveness of our system in information mining
and tackling the sparsity issue and its robustness for high-resolution maps.
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Figure 5.6: The sparsity of 100 × 100m2 grid maps at the cell sizes of 1x1, 0.5x0.5,
0.25x0.25, and 0.125x0.125m2 constructed by the PARMG framework on the average of
122.6 point measurements.

Entropy

Entropy, in information theory, is a metric for measuring the surprise or uncertainty
of the occurrence of a probabilistic event. The higher the entropy, the more difficult
it is to predict the outcome. For safe navigation of an AV through a driving scenario,
the predictability of the environment is of high importance. Therefore, the metric is a
suitable tool to measure the amount of uncertainty at each iteration and evaluate the
information gained from one frame to the next. In this section, we will quantify what
we previously called constructing more ”informative” maps.

Given a discrete random variable X with N different states, the entropy is defined as
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below.

H(X) = −
N∑
i=1

p(xi)log2(p(xi)) (5.3)

Knowing that the state of each grid cell is a binary random variable, where ”1”
represents occupancy and ”0” represents emptiness, and abiding by the independence
assumption from the previous chapter the entropy of each cell can be expressed as shown
in eq. 5.4 in which p(cm,n = occ) is the probability of the cell cm,n being occupied.

H(Cm,n) = −p(cm,n = occ|zt, xt) . log2(p(cm,n = occ|zt, xt))

− [1− p(cm,n = occ|zt, xt)] . log2(1− p(cm,n = occ|zt, xt))
(5.4)

Thus, the total entropy of the grid map can be measured by summing up the local
entropy of each cell, shown in 5.5, where a division by the grid dimensions, M × N , is
performed to achieve a normalized range.

H̄(C) =
1

M.N

∑
m,n∈grid

H(Cm,n) ; M = N (5.5)

To avoid numerical instabilities during this experiment, we exclude the points with a
probability of occupancy of zero and one. Similar to the previous experiment, we project
the Radar targets onto the fixed grid maps and measure the entropy of the raw point
clouds. Next. we filter out the points that do not belong to the probability interval
mentioned above. Subsequently, all Radar measurements will be filtered, as these points
represent 100% occupancy probability, and all the remaining cells of the grid will be
included in entropy calculations. Given the states of all these cells are unknown and there
is a 50% chance of both being occupied or empty, the entropy reaches values extremely
close to one. Assuming that at each iteration an average of 122.6 point measurements
are observed, the entropy of raw point clouds on the four grid cells are 0.9812, 0.9952,
0.9988, and 0.9997, corresponding to the lowest to the highest-resolution map, illustrated
in Fig. 5.7a. It is evident that as the total cell count increases while maintaining the
same number of Radar point measurements, the prediction of occupancy in the mapping
area becomes more complex reflected by the entropy growing closer to one.

On the Other hand, our proposed framework (PARMG) benefits from the temporal
redundancy of the data and generates the occupancy maps at each timestep utilizing the
prior information from the previous frame along with the new measurement to update
occupancy probabilities for all grid cells. Figure 5.7b depicts the entropy measurements of
the four grid maps. It is observed that as the algorithm runs, our framework continuously
decreases the grid entropy by more than 22% after convergence. The reduction in entropy
is equal to the decrease in uncertainty, which indicates information gained at each time
step.

Additionally, as the grid cell sizes shrink to generate maps at higher resolution, de-
creasing the uncertainty becomes quadratically more complicated. However, in our ex-
periments, where the cell counts are quadrupled from the previous grid to achieve the
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next higher resolution, only a maximum 3% increase in entropy can be observed among
the highest-resolution maps. Conclusively, this experiment highlights the effectiveness
of our framework in constructing informative representations of a local environment and
its stability in managing uncertainty at higher resolutions.
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(a) Grid entropy of Radar point cloud.0 2 4 6 8 10 12 14 16 18 20
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Figure 5.7: Illustration of grid entropy measurements (a) with and (b) without using the
PARMG framework. The blue, orange, yellow, and purple curves belong to the grids
with cell sizes of 1x1, 0.5x0.5, 0.25x0.25, and 0.125x0.125m2.

5.3 Runtime Performance

In the previous section, we explored the impact of cell size and resolution on the quality
and preservation of fine structural details in the grid maps. While smaller cell sizes
are required for higher-quality maps, the mapping procedure is challenged by the cost
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of processing time. To tackle this challenge, we implement a multi-processing scheme
to optimize the runtime of our system for high-quality map generation by constructing
maps of different scenarios in parallel instead of sequentially. This scheme is mostly
beneficial for offline map generation use. In this section, we analyze the processing time
of the PARMG system, with and without utilizing multi-processing, and investigate how
changes in the cell count influence the runtime. Furthermore, we explore the contribution
of our multi-processing scheme to address the production time challenges.

For this experiment, we generate five fixed-dimension 100 by 100 m2 grid maps with
cell edges of 1, 0.5, 0.25, 0.166, and 0.125 meters resulting in grids of various cell counts
(101x101, 201x201, 401x401, 601x601 and 801x801). We measure the processing time
required for generating 50 grids and take the average to account for the fluctuations in
map production happening due to the time-varying nature of Radar point cloud mea-
surements. We deploy the multi-processing scheme and compare the contribution of
utilizing 2, 4, 8, 12, and 16 parallel processes on optimizing map construction. This
experiment was conducted on Ubuntu 22.04.3 LTS using the hardware equipped with
Intel(R) Core(TM) i9-10900X CPU, a clock speed of 3.70GHz, 10 cores, and 2 threads
per core. The details results of the experiment are provided in table 5.1 where each
column shows the processing time for different resolutions corresponding to the number
of process instances specified in each row.

Cell edge [m] 1.0 0.5 0.25 0.166 0.125
Grid cells 101x101 201x201 401x401 601x601 801x801
1 process 4.93 13.72 45.38 98.33 166.54
2 processes 2.67 (46%) 7.28 (47%) 22.98 (49%) 49.09 (50%) 83.71 (50%)
4 processes 1.38 (72%) 3.81 (72%) 12.24 (73%) 27.16 (72%) 47.54 (71%)
8 processes 0.74 (85%) 2.20 (84%) 6.50 (86%) 14.39 (85%) 25.41 (85%)
12 processes 0.64 (87%) 1.98 (85%) 5.78 (87%) 12.26 (87%) 21.31 (87%)
16 processes 0.60 (88%) 1.89 (86%) 5.69 (87%) 11.84 (88%) 20.83 (87%)

Table 5.1: The impact of multiprocessing on the average time of a grid map at different
resolutions.

Figure. 5.8 illustrates the average processing time of a grid map with the mentioned
cell sizes, utilizing 1, 2, 5, 8, 12, and 16 process instances. It is observed that as the total
cell numbers increase towards higher map resolutions, more processing time is required
to construct a complete grid map. The longest processing time belongs to the 800 by
800 grid among all resolutions and across different number of process instances. In this
figure, the blue curve belongs to the time required for the sequential construction of
one full grid. The grid processing time exhibits exponential growth with the increase
in cell counts, provided in the first row of table 5.1. Specifically, the processing time
is, approximately, in linear relation with total cell counts in the grid. In a fixed grid,
as the dimension of the cells is reduced by half, the total amount of cell on the edges
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are doubled resulting in a squared total number of cells. Therefore, the grid processing
time grows with the exponent of 2. This exponential growth poses a significant increase
in processing time for high-resolution maps. To mitigate this, we implemented a multi-
processing pipeline that distributes Radar measurement frames to an arbitrary number
of processes to construct the OGMs in parallel.
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Figure 5.8: Grid processing time vs the number of cells on grid edges.

Utilizing the multi-processing scheme, the system generates multiple maps per it-
eration resulting in greater time efficiency. For instance, the last column of table 5.1
illustrates that about 166 seconds are required to generate an 800 by 800 map with
one process. For the same scenario, employing two, four, and eight individual processes
breaks the average production time by approximately a half, a quarter, and an eighth to
almost 83, 47, and 25 seconds, respectively. An overview of the contribution of multi-
processing is depicted in figure 5.9. It can be inferred that with up to 8 processes, the
processing time can be decreased significantly. However, beyond 8 process instances, this
optimization reaches a saturated point. Therefore, this indicates a point where an ap-
propriate trade-off is made between time and memory efficiency. Taking the 800 by 800
grid as an example, approximately, 25 seconds is required in an 8-process setting which
results in more 84% efficiency compared to sequential map construction. In contrast,
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increasing the processes to 12 and 16 only adds up to a maximum of 4% improvement.
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Figure 5.9: The response of average grid processing time to changes in the number of
process instances.

In conclusion, our analysis of the PARMG system’s runtime performance demon-
strates that while higher resolutions enhance map quality and are essential for detail
mapping of the environment, they also substantially increase processing time. However,
the implementation of a multi-processing scheme enables our system to address this issue,
becoming significantly efficient in generating high-resolution maps.

5.4 Robustness Against Adverse Weather Conditions

In this section, we discuss and evaluate the impact of integrating OGMs with LiDAR
point clouds on the robustness of a benchmark object detection model against adverse
foggy weather. Radar sensors offer several advantages when it comes to challenging
weather conditions. Compared to LiDAR and camera sensors, Radar measurements
experience less noise and degradation in these situations. The dataset used in this ex-
periment is the same as the one used in previous sections, discussed in 5.1.
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First, we discuss the metric used for evaluating the performance and robustness.
Second, we provide insight into the experimental setting and the benchmark model.
Next, a detailed explanation of the preprocessing steps is given which includes the fog
synthesis and sensor synchronization procedures. Lastly, we evaluate the effectiveness
of OGMs on the robustness of the aforementioned object detection framework against
adverse foggy weather conditions. This experiment will help determine the extent of
OGMs in improving performance robustness and reliability under challenging scenarios.

5.4.1 Evaluation Metrics

In the following, we introduce the metric used for evaluating the performance and ro-
bustness of an object detection model. The mean Average Precision (mAP) is a well-
established performance evaluation metric in the object detection field that measures
the average accuracy and precision of a model’s predictions. This metric is based on
the Average Precision (AP) metric formulated as follows, where TP and FP are for the
number of True Positive and False Positive detections, respectively.

AP =
TP

TP + FP
(5.6)

In the context of object detection, the NuScenes dataset defines a detection match
where the center of the prediction bounding box distance to the center of the ground
truth is lower than a threshold. A center-to-center of zero corresponds to a perfect match
while greater distances indicate more detection error. The matching thresholds are 0.5,
1, 2, and 4 meters, and the overall mAP is calculated over the number of categories
and the matching thresholds. The mAP is expressed in percentage and higher values
correspond to better performance.

A model is said to be robust if it maintains high performance against a challenging
situation with minimal decrease in its performance. A smaller performance degradation
indicates greater robustness of the model. To assess robustness, we evaluate the drop
in performance when the model is exposed to various challenging foggified scenarios
compared to normal conditions.

5.4.2 Experimental Setting

In order to exploit the benefits of the Radar sensing modality, we test the impact of
combining Radar information, OGMs, with the input of a baseline object detection
model and analyze the impact of using this sensor on the robustness of the model.
We implemented a concatenation scheme for the sensor-fusion module. After the pre-
processing of the OGM and LiDAR point clouds, the OGMs are superimposed on top
of the LiDAR detections to create the fused dataset. By this method, OGM occupied
regions attract more focus on the present objects and obstacles in the environment.
Consequently, this will enhance the model’s ability to make accurate predictions even
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under adverse weather conditions. To measure the effectiveness of the addition of Radar
data we use the mAP discussed in 5.4.1.

To prepare a suitable dataset, we chose a set of 50 scenes from the NuScens dataset,
totaling over 20,000 keyframes and sweeps of LiDAR and Radar recordings. These scenes
include diverse driving scenarios and were recorded in various locations, such as junctions,
highways, parking lots, and urban areas with construction sites. The scenes are divided
into training and testing subsets following an 80-20% ratio. The LiDAR subset of the
dataset is used directly for the foggification process. It is further fused with the OGM
and both are used for performance evaluation of the baseline model under the foggy
situation.

The baseline model, Pointpillars [184], is a well-known LiDAR-based object detection
framework. The model groups the input points into infinite-height pillars and appends
an aggregate of their positional and reflectance information to each pillar. This pro-
cess transforms point clouds into pseudo-images for efficient processing and avoids the
computational complexity of 3D convolutions by substituting them with 2D convolution
operations on generated pseudo images. Thus the model is a fast, effective, and flexible
choice for object detection and suitable for our study.

The hyperparameters of Pointpillar are adjusted by grid search and the official optimal
checkpoint [99] is utilized for fine-tuning on both normal weather LiDAR-only and LR-
fused sets so that the model adapts to the new sets of data and converges to new relevant
optimal points. The training of the model on the two sets was performed using Tesla
V100 GPUs with 16 GB of memory on the Google Colab platform with Adam optimizer,
learning rate of 10−4, with scale ratio and rotation augmentations. The batch size
of 2 was used to fully utilize the GPU capabilities and to obtain the best accuracy.
Additionally, through consecutive validations after each epoch, we tracked the evolution
of the model and saved the one with the highest performance based on the overall mAP.

5.4.3 Data Pre-processing

This section provides details about the necessary steps for preparing a compatible dataset
for our experiment. The NuScenes dataset includes LiDAR and Radar point clouds,
which are recorded under normal weather conditions with samples lacking proper syn-
chronization. First, we propose our sensor synchronization module which up-samples the
Radar OGMs and aligns them temporally to enable sensor fusion, creating a coherent
and consistent dataset. Next, we discuss the mathematical modeling of the fog effect
and its effect on the LiDAR point cloud toward building foggified driving scenarios.

Sensor Synchronization

One of the challenges in multi-modal fusion methods is the temporal misalignment of
samples which generally stems from differences in sensor sampling frequencies. According
to the authors of NuScenes, the sampling rate of the LiDAR sensor is 20Hz whereas the
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Radar sampling frequency is 13Hz which results in about 400 LiDAR and 260 Radar
frames per 20 seconds. The sampling time instances of both sensors and the misalignment
between them over a one-second interval is depicted in fig. 5.10. The orange and the
blue impulses are the timestamps at which LiDAR and Radar, respectively, present their
measurement of the environment. It is only at the beginning of each second that the
samples are timely aligned with each other, describing a scenario at the same time.
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Figure 5.10: Illustration of sampling time points of LiDAR and Radar sensors in the
NuScenes dataset and their temporal misalignment during an interval of one second.

To synchronize the Radar samples with LiDARs, we associate each LiDAR frame with
the closest Radar sample. More specifically, the closest Radar samples to each LiDAR
frame are identified, and then OGM is repeatedly generated with the same temporal tag
as the sample from LiDAR. The time differences between each LiDAR sample and all the
Radar samples are visualized in fig. 5.11 during this interval. The first row and column
correspond to t = T [s] as the last row and column are for t = T + 1 [s]. Each row
demonstrates the temporal distance of a specific LiDAR sample to all Radar samples
where the negative sign is for samples of LiDAR preceding the ones from Radar. The
minimum misalignment at each row is highlighted with red-colored values. The lowest
time difference, zero seconds, appears on the first sample of each second where LiDAR
and Radar are perfectly aligned. On the other hand, the largest time difference belongs
to 11th LiDAR which has a symmetrical temporal distance of 38 milliseconds from Radar
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samples number 7 and 8. In this case, the past frame is used for association. The worst-
case scenario of this pipeline does not exceed 0.64 meters in translation error, 1.2% of
the detection range, for a vehicle driving at the speed of 60km/h.

LiDAR-Radar Sample Time Difference
0.000 -0.077 -0.154 -0.231 -0.308 -0.385 -0.462 -0.538 -0.615 -0.692 -0.769 -0.846 -0.923 -1.000
0.050 -0.027 -0.104 -0.181 -0.258 -0.335 -0.412 -0.488 -0.565 -0.642 -0.719 -0.796 -0.873 -0.950
0.100 0.023 -0.054 -0.131 -0.208 -0.285 -0.362 -0.438 -0.515 -0.592 -0.669 -0.746 -0.823 -0.900
0.150 0.073 -0.004 -0.081 -0.158 -0.235 -0.312 -0.388 -0.465 -0.542 -0.619 -0.696 -0.773 -0.850
0.200 0.123 0.046 -0.031 -0.108 -0.185 -0.262 -0.338 -0.415 -0.492 -0.569 -0.646 -0.723 -0.800
0.250 0.173 0.096 0.019 -0.058 -0.135 -0.212 -0.288 -0.365 -0.442 -0.519 -0.596 -0.673 -0.750
0.300 0.223 0.146 0.069 -0.008 -0.085 -0.162 -0.238 -0.315 -0.392 -0.469 -0.546 -0.623 -0.700
0.350 0.273 0.196 0.119 0.042 -0.035 -0.112 -0.188 -0.265 -0.342 -0.419 -0.496 -0.573 -0.650
0.400 0.323 0.246 0.169 0.092 0.015 -0.062 -0.138 -0.215 -0.292 -0.369 -0.446 -0.523 -0.600
0.450 0.373 0.296 0.219 0.142 0.065 -0.012 -0.088 -0.165 -0.242 -0.319 -0.396 -0.473 -0.550
0.500 0.423 0.346 0.269 0.192 0.115 0.038 -0.038 -0.115 -0.192 -0.269 -0.346 -0.423 -0.500
0.550 0.473 0.396 0.319 0.242 0.165 0.088 0.012 -0.065 -0.142 -0.219 -0.296 -0.373 -0.450
0.600 0.523 0.446 0.369 0.292 0.215 0.138 0.062 -0.015 -0.092 -0.169 -0.246 -0.323 -0.400
0.650 0.573 0.496 0.419 0.342 0.265 0.188 0.112 0.035 -0.042 -0.119 -0.196 -0.273 -0.350
0.700 0.623 0.546 0.469 0.392 0.315 0.238 0.162 0.085 0.008 -0.069 -0.146 -0.223 -0.300
0.750 0.673 0.596 0.519 0.442 0.365 0.288 0.212 0.135 0.058 -0.019 -0.096 -0.173 -0.250
0.800 0.723 0.646 0.569 0.492 0.415 0.338 0.262 0.185 0.108 0.031 -0.046 -0.123 -0.200
0.850 0.773 0.696 0.619 0.542 0.465 0.388 0.312 0.235 0.158 0.081 0.004 -0.073 -0.150
0.900 0.823 0.746 0.669 0.592 0.515 0.438 0.362 0.285 0.208 0.131 0.054 -0.023 -0.100
0.950 0.873 0.796 0.719 0.642 0.565 0.488 0.412 0.335 0.258 0.181 0.104 0.027 -0.050
1.000 0.923 0.846 0.769 0.692 0.615 0.538 0.462 0.385 0.308 0.231 0.154 0.077 0.000
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Figure 5.11: A heatmap of the temporal distance between each LiDAR sample to all
Radar samples. Each row is associated with a specific LiDAR sample and each column
belongs to a specific Radar sample. The cell contains a value of the temporal distance
between each sample. The minimum misalignments are highlighted in red font which
specifies temporal order.

Fog Effect Synthesis

To add the synthetic fog effect to the LiDAR point cloud we use the standard forward
optical model formulated by Koschmieder et al. [176] and adjusted to LiDAR domain
by Bijelic et al. [32] which is extensively used in the community. The mathematical fog
model is expressed by the relation in eq. 5.7 where Iclear(x) is the emitted laser beam to
the location x, and Ifoggy(x) is the attenuated reflected beam. The transmission function,
t(x), determines the visibility extent of the sensor.

Ifoggy(x) = Iclear(x).t(x)
t(x) = exp(−β.l(x))

(5.7)
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In this modeling, the density of the fog is inversely proportional to meteorological
visibility and can be controlled by the attenuation coefficient β. The LiDAR sensor
used by the authors of NuScenes is the Velodyne HDL32E model. The adaptive gain
parameter g and the noise floor n of this sensor, shown in expression 5.8, have been
reported to be 0.45 and 0.04, respectively, from the calibration procedures in [32].

rmax = −ln(
n

Iclear + g
).

1

2β
(5.8)

Ultimately, we prepare the final foggy LiADR point clouds by utilizing the algo-
rithm developed by [32], accounting for laser beam attenuation and back-scattering ef-
fect. Four subsets are generated at different fog densities of 0.05, 0.067, 0.084, and
0.1m−1 which limit the visibility approximately to 50, 37.3, 29.7, and 25 meters, re-
spectively. Figure 5.12 depicts the effect of synthesized fog with the densities of β ∈
{0.05, 0.067, 0.084, 0.1} on the same input LiDAR frame. The points are assigned colors
according to their reflectance parameter which is in an interval ranging from green, as
the lowest, and ending with dark red, as the highest amount of reflectivity. The top left
corner image shows the scenario under normal weather conditions in which the contex-
tual information about the scene is clearly visible. For example, the blue box on the top
and at the bottom highlights the presence of a bus and a vehicle in these frames. As the
haze density increases, the maximum range of visibility reduces, preventing the sensor
from sensing distant objects. The reduction in visibility stems from two phenomena:
the attenuation of the laser beams which results in the reduction of average reflectance
power, and the back-scattering effect adds noise to the frame by introducing false de-
tections or obscuring some points. This gradual degradation of the details is evident
from observing the frames in fig 5.12-a to e. While the fog becomes thicker, the average
reflectance of the frame decreases and the loss of contextual details becomes greater. For
example, the outline of the bus at 15 meters and the car at -40 meters in fig 5.12-b can
be distinguished whereas in fig 5.12-d and e the car has completely disappeared and the
detail of the sides and back of the bus is distorted considerably.

To evaluate the impact of integrating the Radar OGMs on the performance of the
Pointpillars model, they need to be transformed into a readable format. To this end,
we first generated the OGMs from all 50 scenes at the cell size of 0.15x0.15m2. This
resolution makes a trade-off between grid quality and the volume of the cells. Next, the
grid is further down-sampled by a factor of 2 and then the cells in the uncertainty band
are filtered out. The fusion algorithm has been experimentally found to work better when
only the occupied cells are in the picture, therefore, we also filter the empty spaces after
the down-sampling process. The occupancy probabilities are mapped to the median of the
LiDAR reflectance distribution to approximately follow the shape of the distribution and
act as the reflectance factor. The height of each point is augmented using the technique
explained in 4.3.1, creating a semi-3D point cloud. Ultimately, each grid cell acts as a
point carrying (x, y, z, reflectance) information in the 3D space. The transformed Radar
OGMs are aligned with LiDAR samples using the synchronization processes explained
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in 5.4.3, then fused together following an early concatenation scheme. Finally, we have
two distinct sets, called LiDAR-only and LiDAR-Radar fused (LR-fused), that are used
for training and testing purposes under normal weather conditions. Furthermore, the
validation subset of the LiDAR-only dataset undergoes the foggification process at four
different fog densities that limit the maximum visibility and lower the detail quality
of the point clouds. Then, this subset is fused with the Radar OGMs to produce the
foggy LR-fused subset. Both foggified LiDAR-only and LR-fused sets are then used for
robustness experiments.

a)β = 0. b)β = 0.05.

c)β = 0.067. d)β = 0.084. e)β = 0.1.

Figure 5.12: Illustration of how different fog densities (β) reduce the maximum visibility
of LiDAR point clouds from (a) Full visibility to (b) 50m, (c) 37.3m, (d) 29.7m, and (e)
25m. The blue rectangles at each frame indicate the presence of objects. The larger one
belongs to a bus and the smaller one represents a car at the back of the ego vehicle.
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5.4.4 Evaluation Results and Analysis

In this section, we provide a qualitative assessment of the effectiveness of OGMs on
the robustness of the Pointpillars benchmark object detection model. Upon achieving
the optimal models for each subset, we tested them on the foggified data to evaluate
their performance and assess their robustness. It is noteworthy that while the NuScenes
dataset offers ten object categories for detection tasks, we focused our analysis on six key
categories that demonstrated reliable detection performance. These categories include
”Car,” ”Pedestrian,” ”Truck,” ”Bus,” ”Barrier,” and ”Traffic Cone” which consist of
object samples from various shapes and sizes, from small to large. This selection was
based on their high and consistent mAP scores whereas the other four categories were not
included in our analysis due to their significantly lower mAP scores. By concentrating
on the consistent and relatively reliable detection results, we aimed to ensure a more
accurate and reliable assessment of the model’s performance.

To assess the robustness of the models against foggy weather, we measure the drop
in mAP compared to the performance exhibited in the absence of fog particles. Greater
degradation indicates less robustness capabilities against unfavorable conditions. To set
the comparison base, we assessed the performance under normal weather conditions. A
competitive result between the two models is observed with mAP of 47.3% from LR-
fused and 48.5% from LiDAR-only datasets. This highlights a limitation of the fusion
algorithm used in this experiment, in which minimal details of some objects are occluded
by a number of huge occupancy clusters existing in the OGMs.

As the models are tested under various foggy weather conditions, a drop in the mAP
occurs. The performance degradation of the LR-fused and LiDAR-only models are de-
picted in figure 5.13. The bar charts demonstrate the decrease in mAP under the fog
densities of 0.05, 0.067, 0.084, and 0.1, which correspond to maximum visibility of 50,
37.3, 29.7, and 25 meters. As observed, at the highest fog density, 0.1 m−1, the over-
all mAP on the LR-fused model drops by 18.2% whereas this drop on the LiDAR-only
dataset results in a 20.1% mAP. The 1.9% improvement in robustness is caused by
adding the Radar OGMs to the LiDAR point cloud. Furthermore, when comparing the
performance of the model across different fog densities in the two datasets, it is evident
that combining Radar information with LiDAR point clouds has been overall beneficial
in addressing the performance degradation and improving the robustness of the model.
Specifically, at medium to high fog densities of 0.067 and 0.084 the LiDAR-only dataset
suffers by a reduction of 8.3% and 14.9%, whereas the inclusion of Radar data remedies
this falloff to 7.2% and 12%. This signifies the improvement caused by the augmentation
of information from Radar sensors to help with identifying objects with more precision.

Furthermore, we conducted a category-based assessment under the weather with the
two most severe fog conditions, β = 0.084, β = 0.1m−1, depicted in figure 5.15 and
figure 5.14. The result demonstrates that the LR-fused data predominantly contributes
to improving the overall robustness of final predictions. The ”Car” category is the most
sensitive class against foggy weather by exhibiting the highest increase among all classes.
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Figure 5.13: This figure shows the degradation in the performance of PointPillar on
the LiDAR-only and LR-fused dataset under fog densities of 0.05, 0.067, 0.084 and 0.1
m−1 that results in the maximum visibility of 50, 37.3, 29.7 and 25 meters. The drop
in performance at each fog density is measured with respect to the mAP of the model
under normal weather conditions. Lower degradation represents higher robustness which
is desired.

When fog density is β = 0.084, mAP of this category falls by 32.7% when detected by
only LiDAR points. However, combined with Radar OGMs, the detection precision is
increased by 2.4%. Under the highest fog density β = 0.1, the performance drop on
LiDAR-only data is 43.8% whereas integrating the Radar OGMs mitigates this drop by
1.7%.

The performance of the model on the ”Pedestrian” class, as an important category,
exhibits robustness when using LR-fused data for detection. Under the medium-high fog
density β = 0.084, a 21.6% performance drop is observed from LiDAR-only data whereas
the LR-fused data remedies this by 1.6%. Moreover, the severe fog of β = 0.1 degrades the
mAP on the LiDAR-only data by 21.6%, while the inclusion of Radar OGMs improves
detection precision, reducing the performance drop by 1.8%. The OGM contribution
toward the detection of small-sized objects extends to the ”Traffic Cone” and ”Barrier”
classes by enhancing the robustness of the model by 7.7% and 0.4% under medium-high
fog and 4.2% and 1.6% under sever fog density, respectively. These findings suggest that
OGMs effectively pinpointed the present and the location of these small objects, even
when their structural details were destructively affected or lost by the fog particles.

Even though the performance degradation for the ”Bus” category is quite similar
between the LR-fused and LiDAR-only datasets, the LR-fused point clouds enhance the
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model’s robustness by 4.4% and 4.1%, under medium-high and severe fog conditions,
for the ”Truck” instances. This indicates that while the benefits of integrating Radar
data vary depending on the object type and size, it predominantly contributes to the
robustness and detection accuracy under challenging foggy weather. Conclusively, this
experiment highlights the capabilities of Radar-aided approaches in enhancing the ro-
bustness and reliability of the perception systems under adverse weather conditions.
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Figure 5.14: This figure shows the degradation in the performance under medium-high
fog density of β = 0.084m−1 of each object class. The blue and orange bars correspond to
the mAP drop on the LR-fused and LiDAR-only datasets. The decrease in performance
is measured with respect to the mAP achieved under normal weather conditions. Lower
degradation represents higher robustness which is desired.

5.5 Conclusion

In this chapter, we thoroughly examined the characteristics of our proposed system,
PARMG, from various angles. Firstly, we qualitatively analyzed the capabilities of
PARMG in generating high-quality maps by using PIQE and SSIM metrics. Addi-
tionally, we assessed the effectiveness of our approach from an information-theoretic
standpoint in tackling the sparsity issue existing in the Radar point clouds. We provided
a cell-by-cell analysis accompanied by an entropy measurement to assess the capability
of our system in constructing informative maps and purging uncertainty in the neighbor-
hood of detected targets. Secondly, we highlighted the computational processing time
required for generating high-resolution OGMs and addressed this challenge by employ-
ing a multi-processing scheme, showcasing the runtime optimization capabilities of our
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Figure 5.15: This figure shows the degradation in the performance under the severe fog
density, β = 0.1m−1, in each object class. The blue and orange bars correspond to the
mAP drop on the LR-fused and LiDAR-only datasets. The decrease in performance is
measured with respect to the mAP achieved under normal weather conditions. Lower
degradation represents higher robustness which is desired.

system. Lastly, we demonstrated the effectiveness of the generated OGM in robusti-
fying a LiDAR-based benchmark object detection model under adverse foggy weather
conditions.
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Chapter 6

Conclusion and Future Work

6.1 Conclusion

In this thesis, we explored the critical role of perception systems in the realization of
AVs and we focused on one of the major challenges these systems face, namely, adverse
weather conditions. Traditional methods relying on camera and LiDAR sensors have
suffered from performance degradation due to sensor limitations under these unfavorable
conditions. While Radar sensors have shown potential advantages in robustifying the per-
formance of perception systems against challenging weather, they are still under-explored
compared to camera and LiDAR sensors. Furthermore, the lack of an adequate number
of Radar-inclusive datasets poses another gap in the development of robust perception
systems. Accordingly, we introduced the Pseudo Analog Azimuth-Range Radar Maps
Generator (PARMG), our novel framework designed to enhance the quality of sparse
Radar point cloud measurements by transforming them into high-quality Occupancy
Grid Maps (OGMs). This approach aims to fill the knowledge gap in Radar-aided per-
ception systems and facilitate comprehensive studies on the potential benefits of Radar
sensors. Our experimental analysis demonstrated the effectiveness of the PARMG frame-
work in generating informative representations of environments and enhancing detection
performance under challenging weather conditions. The framework’s ability to provide
accessible high-quality Radar maps across different datasets signifies a notable contribu-
tion to the field.

In Chapter 2 a background and detailed review of the key elements of the perception
system was given. The realization of advanced perception systems has been enabled
by the Deep Learning frameworks designed to perform various perception tasks such as
object detection or segmentation through the training procedure.

In Chapter 3 basic concepts and characteristics of the perception system were dis-
cussed through a comparative analysis of a number of different object detection models,
highlighting their challenges against adverse weather conditions.

Chapter 4 explains the design and the mechanism of our proposed framework, PARGM.
Our system enhances the quality of the sparse Radar recordings by constructing detailed
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occupancy grid maps from the surroundings. PARGM leverages the temporal redundancy
between consecutive frames and uses the Bayesian Filtering algorithm accompanied by
a Radar-specific inverse sensor modeling to mine fine structural details and build an
informative reconstruction of the local environment as a grid map over time.

In Chapter 5 we investigated the key features and characteristics of our system from
quality, information-theoretic, and runtime-related aspects and showed its effectiveness
in enhancing detection robustness under foggy weather.

6.2 Futuer Work

While our work has made several advancements and highlighted the potential benefits of
integrating Radar sensors into perception systems for AVs, several areas require further
development. These future directions can be studied further and contribute to the devel-
opment of a more mature and more robust Radar-aided perception model in autonomous
vehicles:

• Real-time Online OGM Mapping with High Resolution: In this study, we showed
that resolution has a direct impact on the quality of the grid maps. To create a
rich representation of the environment that contains fine-grained details, higher-
resolution maps are required. Consequently, there is a need for more efficient
implementations and advancements in real-time online occupancy grid mapping,
considering the computational load of high-resolution maps. This would signifi-
cantly enhance the ability of AVs to perceive the happenings in the driving scenar-
ios more efficiently and perform decision-making and navigation accurately and in
real-time.

• Use of More Complex Fusion Algorithms: Owing it the limitations in time and re-
sources, the sensor fusion that was employed in this research had some shortcomings
in which minimal degradation in quality would occur to the LiDAR point cloud
after data fusion. This was primarily caused by some large clusters of occupied
cells occluding parts of the object visible in the LiDAR point cloud. Employing
more sophisticated and complex fusion algorithms, such as attention-based mecha-
nisms, can improve the integration of data from multiple sensors and build a more
comprehensive representation of the environment that would lead to more robust
perception systems capable of better handling adverse weather conditions and other
challenging scenarios.

• Integration of Radar OGMs into Multi-modal Models: Currently, the state-of-the-
art perception models have achieved significant advancements in terms of runtime
and accuracy under ideal conditions. However, many are still designed primarily
using cameras and LiDARs in their sensor suite, which struggle to operate under
challenging illumination and weather conditions. Further studies are required to
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address the under-explored state of Radar-aided perception systems and to har-
ness the advantages of this sensing modality. This will be facilitated by integrating
Radar OGMs into various multi-modal models, complementing the data from cam-
eras and LiDAR. This will demonstrate the capabilities of Radar sensors in realistic
challenging situations. Eventually, this will be a pathway to develop solutions ca-
pable of handling more generalized, realistic, and challenging scenarios, such as
adverse weather conditions. This is crucial for achieving reliable and effective au-
tonomous driving in all environments.

The insights and contributions of this thesis serve as a foundation for ongoing re-
search and development. By addressing these areas, the research community can make
significant advancements toward developing perception systems that are not only accu-
rate and efficient but also resilient and versatile enough to operate in a wide range of
real-world conditions.
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[230] Renê Oliveira, Carlos Montez, Azzedine Boukerche, and Michelle S Wangham.
Reliable data dissemination protocol for vanet traffic safety applications. Ad Hoc
Networks, 63:30–44, 2017.

[231] D Orth. Personalization and human-machine-interaction. 2017.

[232] Su Pang, Daniel Morris, and Hayder Radha. Clocs: Camera-lidar object candidates
fusion for 3d object detection. In 2020 IEEE/RSJ International Conference on
Intelligent Robots and Systems (IROS), pages 10386–10393. IEEE, 2020.

[233] Su Pang, Daniel Morris, and Hayder Radha. Transcar: Transformer-based camera-
and-radar fusion for 3d object detection. In 2023 IEEE/RSJ International Confer-
ence on Intelligent Robots and Systems (IROS), pages 10902–10909. IEEE, 2023.

[234] Richard W Pazzi and Azzedine Boukerche. Propane: A progressive panorama
streaming protocol to support interactive 3d virtual environment exploration on
graphics-constrained devices. ACM Transactions on Multimedia Computing, Com-
munications, and Applications (TOMM), 11(1):1–22, 2014.

123



[235] Richard WN Pazzi and Azzedine Boukerche. Mobile data collector strategy for
delay-sensitive applications over wireless sensor networks. Computer Communica-
tions, 31(5):1028–1039, 2008.

[236] Andra Petrovai and Sergiu Nedevschi. Fast panoptic segmentation with soft atten-
tion embeddings. Sensors, 22(3):783, 2022.

[237] Thierry Peynot, James Underwood, and Steven Scheding. Towards reliable percep-
tion for unmanned ground vehicles in challenging conditions. In 2009 IEEE/RSJ
International Conference on Intelligent Robots and Systems, pages 1170–1176.
IEEE, 2009.

[238] Viet-Quoc Pham, Satoshi Ito, and Tatsuo Kozakaya. Biseg: Simultaneous instance
segmentation and semantic segmentation with fully convolutional networks. arXiv
preprint arXiv:1706.02135, 2017.

[239] Florian Piewak, Peter Pinggera, Manuel Schafer, David Peter, Beate Schwarz, Nick
Schneider, Markus Enzweiler, David Pfeiffer, and Marius Zollner. Boosting lidar-
based semantic labeling by cross-modal training data generation. In Proceedings
of the European Conference on Computer Vision (ECCV) Workshops, pages 0–0,
2018.

[240] Pedro O Pinheiro, Tsung-Yi Lin, Ronan Collobert, and Piotr Dollár. Learning to
refine object segments. In Computer Vision–ECCV 2016: 14th European Confer-
ence, Amsterdam, The Netherlands, October 11–14, 2016, Proceedings, Part I 14,
pages 75–91. Springer, 2016.

[241] Lorenzo Porzi, Samuel Rota Bulo, and Peter Kontschieder. Improving panoptic
segmentation at all scales. In Proceedings of the IEEE/CVF conference on computer
vision and pattern recognition, pages 7302–7311, 2021.

[242] W.K. Pratt. Laser Communication Systems. Wiley series in pure and applied
optics. Wiley, 1969.

[243] Robert Prophet, Anastasios Deligiannis, Juan-Carlos Fuentes-Michel, Ingo Weber,
and Martin Vossiek. Semantic segmentation on 3d occupancy grids for automotive
radar. IEEE Access, 8:197917–197930, 2020.

[244] Robert Prophet, Gang Li, Christian Sturm, and Martin Vossiek. Semantic segmen-
tation on automotive radar maps. In 2019 IEEE Intelligent Vehicles Symposium
(IV), pages 756–763. IEEE, 2019.

[245] Charles R Qi, Wei Liu, Chenxia Wu, Hao Su, and Leonidas J Guibas. Frustum
pointnets for 3d object detection from rgb-d data. In Proceedings of the IEEE
conference on computer vision and pattern recognition, pages 918–927, 2018.

124



[246] Charles R Qi, Wei Liu, Chenxia Wu, Hao Su, and Leonidas J Guibas. Frustum
pointnets for 3d object detection from rgb-d data. In Proceedings of the IEEE
conference on computer vision and pattern recognition, pages 918–927, 2018.

[247] Charles R Qi, Hao Su, Kaichun Mo, and Leonidas J Guibas. Pointnet: Deep
learning on point sets for 3d classification and segmentation. In Proceedings of the
IEEE conference on computer vision and pattern recognition, pages 652–660, 2017.

[248] Charles R Qi, Hao Su, Matthias Nießner, Angela Dai, Mengyuan Yan, and
Leonidas J Guibas. Volumetric and multi-view cnns for object classification on
3d data. In Proceedings of the IEEE conference on computer vision and pattern
recognition, pages 5648–5656, 2016.

[249] Charles R Qi, Yin Zhou, Mahyar Najibi, Pei Sun, Khoa Vo, Boyang Deng, and
Dragomir Anguelov. Offboard 3d object detection from point cloud sequences.
In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, pages 6134–6144, 2021.

[250] Kun Qian, Shilin Zhu, Xinyu Zhang, and Li Erran Li. Robust multimodal vehi-
cle detection in foggy weather using complementary lidar and radar signals. In
Proceedings of the IEEE/CVF CVPR, pages 444–453, 2021.

[251] Navtech Radar.

[252] M. A. Rahim, J. Liu, Z. Zhang, L. Zhu, X. Li, and S. Khan. Reviewnet: A fast and
resource optimized network for enabling safe autonomous driving in hazy weather
conditions. IEEE Sens. J, pages 1–1, 2021.

[253] M. A. Rahim, J. Liu, Z. Zhang, L. Zhu, X. Li, and S. Khan. Robust intensity-based
localization method for autonomous driving on snow–wet road surface. IEEE Sens.
J, pages 1–1, 2021.

[254] M. A. Rahim, J. Liu, Z. Zhang, L. Zhu, X. Li, and S. Khan. Robust multimodal
vehicle detection in foggyweather using complementary lidar and radar signals.
IEEE Sens. J, pages 1–1, 2021.

[255] M. A. Rahim, J. Liu, Z. Zhang, L. Zhu, X. Li, and S. Khan. Taxonomy and defini-
tions for terms related to driving automation systems for on-road motor vehicles.
IEEE Sens. J, pages 1–1, 2021.

[256] Ralph H Rasshofer, Martin Spies, and Hans Spies. Influences of weather phenomena
on automotive laser radar systems. Advances in radio science, 9:49–60, 2011.

[257] Ratheesh Ravindran, Michael J Santora, and Mohsin M Jamali. Camera, lidar,
and radar sensor fusion based on bayesian neural network (clr-bnn). IEEE Sensors
Journal, 22(7):6964–6974, 2022.

125



[258] Joseph Redmon, Santosh Divvala, Ross Girshick, and Ali Farhadi. You only look
once: Unified, real-time object detection. In Proceedings of the IEEE conference
on computer vision and pattern recognition, pages 779–788, 2016.

[259] Joseph Redmon and Ali Farhadi. Yolov3: An incremental improvement. arXiv
preprint arXiv:1804.02767, 2018.

[260] Mengye Ren and Richard S Zemel. End-to-end instance segmentation with re-
current attention. In Proceedings of the IEEE conference on computer vision and
pattern recognition, pages 6656–6664, 2017.

[261] Shaoqing Ren, Kaiming He, Ross Girshick, and Jian Sun. Faster r-cnn: Towards
real-time object detection with region proposal networks. Advances in neural in-
formation processing systems, 28, 2015.

[262] Shaoqing Ren, Kaiming He, Ross Girshick, and Jian Sun. Faster r-cnn: Towards
real-time object detection with region proposal networks. IEEE transactions on
pattern analysis and machine intelligence, 39(6):1137–1149, 2016.

[263] Yonglin Ren, Richard Werner, Nelem Pazzi, and Azzedine Boukerche. Monitoring
patients via a secure and mobile healthcare system. IEEE Wireless Communica-
tions, 17(1):59–65, 2010.

[264] Cristiano Rezende, Azzedine Boukerche, Heitor S Ramos, and Antonio AF
Loureiro. A reactive and scalable unicast solution for video streaming over vanets.
IEEE Transactions on Computers, 64(3):614–626, 2014.

[265] Gernot Riegler, Ali Osman Ulusoy, and Andreas Geiger. Octnet: Learning deep
3d representations at high resolutions. In Proceedings of the IEEE conference on
computer vision and pattern recognition, pages 3577–3586, 2017.

[266] Jamie Roche, Varuna De-Silva, and Ahmet Kondoz. A multimodal perception-
driven self evolving autonomous ground vehicle. IEEE Transactions on Cybernetics,
52(9):9279–9289, 2021.

[267] Hermann Rohling and M-M Meinecke. Waveform design principles for automotive
radar systems. In 2001 CIE International Conference on Radar Proceedings (Cat
No. 01TH8559), pages 1–4. IEEE, 2001.

[268] Eduardo Romera, Luis M Bergasa, Kailun Yang, Jose M Alvarez, and Rafael Barea.
Bridging the day and night domain gap for semantic segmentation. In 2019 IEEE
Intelligent Vehicles Symposium (IV), pages 1312–1318. IEEE, 2019.

[269] Bernardino Romera-Paredes and Philip Hilaire Sean Torr. Recurrent instance seg-
mentation. In Computer Vision–ECCV 2016: 14th European Conference, Ams-
terdam, The Netherlands, October 11-14, 2016, Proceedings, Part VI 14, pages
312–329. Springer, 2016.

126
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