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Abstract— Advances in information and signal processing
technologies have a significant impact on autonomous driving
(AD), improving driving safety while minimizing the efforts
of human drivers with the help of advanced artificial intelli-
gence (Al) techniques. Recently, deep learning (DL) approaches
have solved several real-world problems of complex nature.
However, their strengths in terms of control processes for AD
have not been deeply investigated and highlighted yet. This survey
highlights the power of DL architectures in terms of reliability
and efficient real-time performance and overviews state-of-the-
art strategies for safe AD, with their major achievements and
limitations. Furthermore, it covers major embodiments of DL
along the AD pipeline including measurement, analysis, and exe-
cution, with a focus on road, lane, vehicle, pedestrian, drowsiness
detection, collision avoidance, and traffic sign detection through
sensing and vision-based DL methods. In addition, we discuss on
the performance of several reviewed methods by using different
evaluation metrics, with critics on their pros and cons. Finally,
this survey highlights the current issues of safe DL-based AD with
a prospect of recommendations for future research, rounding up
a reference material for newcomers and researchers willing to
join this vibrant area of Intelligent Transportation Systems.
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I. INTRODUCTION

ECENTLY, significant improvements have been reported
in the development of vehicular sensors for performing
different simple and complex tasks including object detec-
tion [1], localization [2], tracking [3], and activity recogni-
tion [4] for numerous applications. Such advancements have
improved the sensing and computing processes of autonomous
driving (AD) [5]. Despite this, AD demands further attention
of industry and academia due to its sensitive nature and key
role in reducing the number of accidents and saving human
lives. For instance, only in USA 6 million car accidents
happen on average every year, out of which around 3 million
people get injured and around 2 million experience permanent
injuries [6]. Besides injuries, more than 90 people die in
car accidents every day. The main reasons of these accidents
include alcoholic (40%), speeding (30%), and reckless driving
(33%). Similarly, distracted driving also results in huge num-
ber of accidents [7]. According to a report, more than 9 people
are killed each day due to distracted driving in USA [8].
Similarly, more than 1060 people are injured in crashes due to
driver distraction. These crashes can be dramatically reduced
by using driverless vehicle technology as supporting tools
to drivers or in full automation. Furthermore, the disabled
community can be greatly benefitted from this technology [9].
Due to the wide range of benefits the governments and
companies worldwide are taking interest in AD. For instance,
top twenty-five countries are evaluated in [10] for AD readi-
ness and given scores in terms of policy and legislation,
technology and innovation, and infrastructure. As depicted
in Figure 1, Singapore is leading in the policy and legislation,
Israel in technology and innovation, and Netherlands in the
infrastructure for AD. The countries like UAE with good
infrastructures are limited to advanced technologies to operate
AD in their roads.

Literature shows that autonomous vehicles have five dif-
ferent levels of automation as defined by SAE International
standard with a range O~5 [11]. This level-based roadmap
is visualized in Figure 2. Level O vehicles are those which
are under the full control of drivers [12]. Level 1 allows
performing minor tasks of acceleration or steering by car and
rest of the control is with human driver e.g., adaptive cruise
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Fig. 1. The successes achieved by top twenty-five countries so far in race
of AD in terms of policy and legislation, technology and innovation, and
infrastructure.

control [13]. Level 2 car can take some safety actions such
as emergency breaking but still driver needs to be alert while
driving. Tesla’s autopilot or Nissan’s ProPilot can be regarded
as level 2 because they can keep the car in the desired lane.
At level 3, the car can automatically drive in certain condi-
tions by monitoring the surrounding environment, but human
driver needs to be still on command for taking control if the
autonomous system fails [14]. Audi claimed that its A8 models
featuring Traffic Jam Pilot has Level 3. In case of Level 4,
the car can safely take control and proceed accordingly if its
request for human intervention is not responded [15]. Level
4 cars are not recommended to be driven in uncertain weather
conditions or unmapped areas. Lastly, level 5 vehicles cover
full automation in all conditions and modes [16].

To date, several efforts and initiatives have been triggered
by major industries to mature the AD technology. For instance,
the famous DARPA Grand Challenge of 2004 [17] for covering
a 150 miles road using a driverless car, which was failed by
all the 15 vehicles participating in the challenge. A further
improvement was made thereafter, and 5 out of 23 participants
passed the challenge in the 2005 edition of the contest.
Another event “DARPA Urban Challenge” [18] was later
initiated in 2007, in which six participants completed the
mission. Other noteworthy events include “Intelligent Vehicle
Future Challenge” [19] (2009~2013), “Hyundai Autonomous
Challenge” [20] 2010, and “Public Road Urban Driverless-
Car Test” [21], 2013. Most recently, in 2015~2016, Google
self-driving car and Tesla’s autopilot system [22] were intro-
duced as commercial examples. Apart from these milestones,
different famous companies are planning to announce their
autonomous vehicles of different levels in the near future. For
instance, Ford has plan to deliver a “Level 4” driverless vehicle
in 2021. Similarly, BMW is targeting “Level 4” or “Level 5”
autonomous car in 2021 [23].

Despite the aforementioned achievements, several issues
still restrict the usefulness of AD technology for numerous
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environments such as the maturity of Artificial Intelli-
gence (AI) methods — particularly, those relying on Deep
Learning (DL) — for visual sensors, dependency of perfor-
mance of individual parts of AD system, and social acceptance
at large scale [24]. Among these, the first two are important
aspects and key enablers for AD system, which can signif-
icantly increase its safety and consequently result in huge
public appreciation. Indeed, safety is a key requirement of
AD, assisting drivers and minimizing the risks of potential
accidents. This requirement can be mainly ensured by seven
key tasks including road detection [25], lane detection [26],
vehicle detection [27], pedestrian detection [28], drowsiness
detection [29], collision avoidance [30], and traffic sign
detection [31] for which numerous hand-crafted and learned
representation based methods are presented. The current lit-
erature contains surveys of traditional methods on different
aspects of AD such as planning and controls [32], traffic light
recognition [33], and vehicle localization [34]. Many others
have emphasized on the paramount role of DL in the ITS
domain [35]-[38]. However, a detailed study on DL methods
for safe AD is missing, which is considered as a backbone for
AD and its safety.

This survey aims to cover this literature gap by analyzing
the most recent DL works related to the aforementioned seven
tasks for safe AD. We encapsulate the seven tasks into a
three-step pipeline of measurement, analysis, and execution,
and enlist their major achievements and key limitations. Our
work also highlights the current issues of safe AD with
several research recommendations focused on enhancing the
applicability of DL methods in realistic vehicular environment,
with safety at their primary requirement. We complement our
critical analysis of the existing literature with an excerpt of
empirical results of different DL model architectures for sev-
eral safety-related AD tasks, which shed light on the enormous
potential of these models. We end up with a discussion on
current research areas in the DL realm that remain insuffi-
ciently studied to date, despite their straightforward connection
to safety issues in this particular application field.

The remainder of this article is structured as follows:
Section 2 briefly describes the major control processes of
AD. Section 3 provides details of the recent DL approaches,
their strengths and limitations for AD systems. In Section 4,
the major challenges of safe AD are discussed, and future
directions are suggested in Section 5. In Section 6, we con-
clude the survey with some concluding remarks and an
outlook.

II. MAJOR EMBODIMENTS OF AD AND
RELATED STUDIES

This section aims to briefly describe the three-step pipeline
of measurement, analysis, and execution (MAE) and presents
several related studies associated with AD. “Measurement”
refers to data collection from the surrounding environment
via sensors, cameras, or radars and processing associated to
detecting road, lane, vehicle, pedestrian etc., [39]. To this end,
all the methods of this survey associated to these tasks will
be covered under “M”. “Analysis” phase uses more advanced



4318

Roadmap to Autonomous Driving

Testing Phase
Done

Done

IEEE TRANSACTIONS ON INTELLIGENT TRANSPORTATION SYSTEMS, VOL. 22, NO. 7, JULY 2021

Partial
Automation

Automation of
multiple functions

m
No Automation Assistance

Automation of
individual
functions

Driver is fully

engaged Driver can both “feet

off” and “hands off”

All the time driver but eyes must be on

control

Driver can “feet off”

>2030
>2025
>2020
Automation . Situation
Automated in independent

Automation of
multiple functions,
driver responds to a
request

certain conditions automated driving
Driver not expected
to monitor road
Driver has no
responsibility during
automated mode

Driver has no
responsibility during
Driver can both “feet driving
off”, “hands off”,

rol or “hands off’ road and “eyes off” but
Some warning signal must be able to
can be generated resume control
quickly
Level 0 Level 1 Level 2 Level 3 Level 4 Level 5
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algorithms for filtering, tracking, and other concrete steps for
fulfilling a certain set of optimization requirements for AD.
As a result of analysis, the “execution” part uses certain actu-
ators to trigger an alarm or revoke control of vehicle. In this
phase, automatic braking can be enabled to save the vehicle to
avoid collision, thus ensuring safety on roads for AD systems.

Studies show that MAE is the necessary pipeline to control
the automatic behavior of such vehicles and thus it is covered
in this survey. Other aspects of such systems are already
covered in detail by different surveys mentioned in Table I.
For instance, state-of-the-art associated with vision based
recognition of traffic light for AD, is covered in [33]. Similarly,
the planning and control aspect of AD for urban settings is
investigated in [16]. To the best of our knowledge, an in-depth
study of DL approaches for safe AD is missing in current
literature and is thus presented in this paper with its overview
in Figure 3.

III. CRITICAL LITERATURE ANALYSIS OF AD TASKS

In this section, the state-of-the-art DL approaches mentioned
in Table II are briefly described, considering the target seven
tasks. Despite the fact that there are many studies about
different parts of the AD system such as sensing, image
processing, and communication etc., which work collectively
for enabling it to drive itself, certain parts have achieved more
attraction due to their huge impact on the overall performance
of such vehicles. The most important parts are the seven tasks
associated to MAE, in context of which the concerned studies
are explored as follows:

A. Road Detection

This task aims at detecting round boundaries and areas
where autonomous vehicle can possibly drive. In this context
four representative works are selected. The first frame-
work [52] applies CNNs to estimate longer distance road
course for augmented reality applications. The second one

investigates cascaded end-to-end CNN (CasNet) for accurate
road detection and localization of centerline in the presence of
complex backgrounds and significant occlusions of trees and
cars as given in [53]. The other works present a Siamese fully
convolutional network based framework for accurate detection
of road boundaries using RGB images, semantic contours, and
location priors [54] and a completely end-to-end model called
as RBNet [55] for road presence as well as boundary detection
in a single network.

B. Lane Detection

Lane detection has a key role in ensuring the safety of
autonomous vehicles via lane keeping and lane departure
control systems, enabling them to be on their specified lane,
minimizing the chances of collision. In this context, four
DL recent approaches are selected as examples. In the first
approach, [56] utilized multi-sensor data and passed it through
a deep neural network for lane detection in 3D space. The sec-
ond approach investigates waveforms and CNNs for detecting
lane markings for safe AD as discussed in detail in [57]. In the
third work, an energy-friendly lane detection and classification
strategy is proposed using stereo vision and CNN for lateral
positioning of ego-car and issuing forward collision warning
for safe AD [58]. In the next work [59], a recurrent neural
network is utilized for road lane detection. Thus, it ensures
both lane detection as well as collision avoidance.

C. Vehicle Detection

In order to avoid possible accident, the autonomous vehi-
cle needs to detect and track other vehicles on the road.
For this task, it needs to estimate different aspects of sur-
rounding vehicles such as its shape, relative speed, size,
and 3-dimensional locations. In this context, some of the
state-of-the-art techniques are described as an example from
recent literature. The first one is an automatic approach for
vehicle detection and counting using convolutional regression
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TABLE I

DETAILS OF EXISTING SURVEYS RELATED TO AD AND OUR PROPOSAL. THE SURVEYS COVERED IN THIS TABLE ARE SELECTED BASED ON RELEVANCY
TO THE MAIN THEME “MAE”, PUBLICATION YEAR, REPUTATION OF THE PUBLISHER, AND ENDORSEMENT OF ASSOCIATED RESEARCH

COMMUNITY IN TERMS OF CITATIONS

Reference survey Year Theme Remarks
-Only most recent and Deep Learning approaches
Deep learning for safe Investigating deep | -Complete trend analysis of DL strategies
autonomous driving: current 2020 learning-based methods | -Experimental evaluation of state-of-the-art with key
challenges and future for safe autonomous | findings
directions (Ours) driving -Detailed highlights about major challenges and
recommendations for handling them.
“Aut hicl that . . . . . .
int;lr;)crion\filtllsl Veedelgt:iZnS' aa Understanding the | -Investigated the interaction of pedestrian with traffic
survey of theo P and ractice” 2020 | interaction and behavior | -Discussed the practical systems that understand the
[40] Y Ty P of pedestrian pedestrian behavior and communicate with them.
Investigati f large- .
« . fvestigation Ot - large -Surveyed large-scale datasets with huge number of
Deep learning for large-scale scale traffic sign . .
. . . traffic sign categories
traffic-sign  detection and | 2020 | detection datasets and Recommended several improvements for traffic signs
ition” [42 D Learni o L
recognition” [42] cep camning  based detection that resulted in improved performance.
solutions
-Analysis of the impact of the phase noise on radar
Discussing radar signal | performance.
“On the safe road toward 2019 processing for functional | -Introduced state-of-the-art methods for phase noise
autonomous driving” [5] safety in autonomous | estimation.
vehicles -Covered the literature only related to radar signal
processing.
“The rise of radar for . . -Overviewed conventional signal processing methods
. . Focusing on radar signal
autonomous vehicles: signal 2019 | technolosies for detection for AD
processing solutions and future and contrgollin -Practical roadway scenarios and signal processing
research directions” [24] J based future research directions are highlighted
. . . -P ted hensi fi licati
“Enhancing transportation Applications and feseiied a Compreiensive converge for applications

. . . of Deep Learning in ITS.
systems via deep learning: A | 2019 | shortcomings of Deep | Summarized the evolving trends of Deep Learning
survey” [41] Learning in ITS based technology
“A 3D object Analysi f dept . . .
detectsil(l)rr:,ey r(;netho ds o) :;r in?gr}r;f;iion (fior ob'zg ¢ -Studied all aspects of 3D object detection for AD

.. 2019 . " -Extensive comparison of 2D and 3D object detection
autonomous driving detection and collision for AD
applications” [43] avoidance
“Networkin and -Covers important aspects related to wired and
communicatgions i Inter- and intra-vehicle | wireless networking in AD
.. , | 2019 | networks -Highlighted new trends of communication
autonomous driving: a survey L .
[44] communications technologies in AD
-Major focus is on networking for AD

“A f the state-of-the- Evaluati tate-of-the- .- ..

survey of tie sfale-omihe vaatng - state-ottC | praditional vision- and sensors-based approaches, not
art localization techniques and art vehicle localization DL
their potentials for | 2018 | methods  with  their _Certain challenges and recommendations are

t hicl licabilit t N . .
au opon.lous” vehiele applicability . © | described in some paras but not in detail.
applications” [45] autonomous vehicles
“Driving style recognition for N -Majority traditional approaches with two methods
intelligent vehicle control and Driving style | based on neural networks
advanced driver assistance: A 2018 | characterization and | -No detailed challenges and recommendations are
survey” [46] ' recognition for AD provided; however, necessary directions are given
Y while describing applications of intelligent vehicles

“A survey of scene .

. Understand th . .
understanding by event 2018 surll”r(flrljlgir; mgscenes 06; -Focused on scene representation and event detection
reasoning in  autonomous & i -Analysis of traffic scene in autonomous driving

e autonomous vehicle
driving” [47]




4320

IEEE TRANSACTIONS ON INTELLIGENT TRANSPORTATION SYSTEMS, VOL. 22, NO. 7, JULY 2021

TABLE I
(Continued.) DETAILS OF EXISTING SURVEYS RELATED TO AD AND OUR PROPOSAL. THE SURVEYS COVERED IN THIS TABLE ARE SELECTED BASED
ON RELEVANCY TO THE MAIN THEME “MAE”, PUBLICATION YEAR, REPUTATION OF THE PUBLISHER, AND ENDORSEMENT OF ASSOCIATED

RESEARCH COMMUNITY IN TERMS OF CITATIONS

"Vehicles of the future: A ICT-assisted services for ..
-Only traditional approaches, not DL
survey of research on safety | 2017 | safe future connected
. s . -Three areas are recommended for further research
issues” [23] vehicles
"Simultaneous localization and -Hand-crafted methods and one Deep Learning
mapping: A survey of current 2017 Simultaneous localization | approach
trends in autonomous driving” and mapping for AD -Besides other recommendations, deep CNNs are
[34] suggested as future directions.
“An overview of traffic sign Overview of efficient . . . .
. . . . . -Discussed image processing and learning based
detection and classification | 2017 | techniques for traffic sign . :
v . methods for traffic sign detection.
methods” [48] detection
“A survey on the coordination L -Discussed the problem of coordination of CAVs on
Coordination of | . . .
of connected and automated intersections and at highway on-ramps
. . . connected autonomous . . .
vehicles at intersections and | 2017 . e -Investigated the centralized and decentralized
. . . vehicle for mitigating . ..
merging at highway on-ramps . approaches in the coordination of CAVs.
traffic accidents
[49]
« .. -Covered the wide range of various computer vision
Computer vision for . .
. Exploring computer | techniques related to AD.
autonomous vehicles: L .
2017 | vision related AD | -Issues and current research challenges are discussed
problems, datasets and state- . . . . . o
i technologies in topics such as tracking, motion estimation, end-to-
of-the-art” [50] .
end learning, etc.
. . Vision based traffic light . .. .
“Vision for looking at traffic o & -Majority traditional approaches with two methods
. recognition with
lights: Issues, survey, and | 2016 . based on neural networks
., construction of a new . .
perspectives” [33] dataset -No detailed challenges and recommendations
“A survey of motion planning Planning and  control -Onl.y traditional approaches, not DL .
. . . -Major challenges and recommendations are not
and control techniques for self- | 2016 | algorithms with focus on . . .
.. o, . properly highlighted except few lines in the future
driving urban vehicles” [16] urban settings
work
A review of motion planning Navigation and motion -Motion pla@lng techr.uques for aut.on.late.d driving
techniques for automated | 2016 . . -Path selection, planning, and optimization methods
-, planning techniques .
vehicles” [39] for urban vehicles
“Vision-Based traffic sign -Features extraction methods for traffic sign patterns
detection and analysis Segmentation, feature | representation
for intelligent driver assistance | 2012 | extraction, and final sign | -Covered driver assistance context and traffic sign
Systems:  Perspectives and detection recognition systems
Survey” [51]

neural network for traffic management and safe AD with
detailed discussion in [60]. Chen et al. [61] presented a
framework for 3D object detection by utilization of deep CNN
model for object, location, and contextual boxes prediction.
Similarly, Rajaram et al. [2] presented a mathematical strategy
for object localization. They utilized Faster-RCNN along with
RefineNet and region of interest pooling for vehicle detec-
tion and localization. Another work is a vehicle detection
framework using multi-task deep CNN and voting strategy of
region-of-interest [62]. Both enable the autonomous vehicle to
detect other on-road car vehicles to initiate safety measures,
thus increasing the safety level of AD.

D. Pedestrian Detection

Vehicle-to-pedestrian accident is a common scenario and
mostly happen on roads. For autonomous vehicle, it is

necessary to differentiate other objects from humans due to
their higher importance. Thus, visual cameras are installed
on autonomous vehicle for detection, tracking, and possible
recognition of pedestrians for avoiding collision and different
other purposes. For instance, Ouyang et al. [63] presented a
joint framework of deep features extraction, handling deforma-
tion and occlusion, and classification for pedestrian detection
that helps increasing the safety of AD. Another approach
presented by Cai et al. [64] formulated complexity aware cas-
cade training for pedestrian detection. They integrated cascade
with the CNN to enable accurate pedestrian detection at a
faster speed. Similarly, Wang et al. [65] proposed a pedestrian
detection approach by investigating body part semantics and
contextual information with complex handling of occlusions,
achieving highly accurate localization results, which conse-
quently increase the safety of AD.
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Fig. 3. Distribution of DL approaches for major embodiments (measurement, analysis, execution-MAE) of the AD systems.

E. Drowsiness Detection

This task is related to drivers and especially for level 1 to
level 3 autonomous vehicles as level 4 and level 5 vehicles
are fully driverless. It is one of the key contributors for safety
applications as it can automatically take necessary action
once driver seems distracted or any drowsy state is detected.
To do so, several approaches exist in literature. For instance,
Lyu et al. [66] proposed a multi-granularity based deep frame-
work by intelligent usage of CNN and LSTM drowsiness
detection in videos. Vijayan and Sherly [67] presented three
CNN architectures including ResNet50, VGG16, and Incep-
tionV3 for drowsiness detection in first person driver videos.
These models are trained together by fusing them using a
feature fused architecture layer. A similar approach is fol-
lowed by Park er al. [68], where they integrated the results
achieved by AlexNet, VGG-FaceNet, and FlowNet by fully

connected layers for drowsiness detection. In another similar
work, Guo and Markoni [69] investigated CNN and LSTM for
drowsiness detection.

F. Collision Avoidance

It is obvious from the previous tasks that the important
objects associated with autonomous vehicles can be tracked
and detected by them, however, they are not enough to take
a decision. The important decision and action are taken by
collision avoidance system. Thus, it is a higher-level task on
which the safety of AD is heavily dependent and numer-
ous studies are conducted in this direction. For example,
Song et al. [58] can detect both lane and avoid collision by
taking necessary action. Similarly, Nguyen et al. [70] proposed
a system, which detects the obstacles, recognize them using
autoencoder, TCNN, and R-TCNN based DL architecture, and
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TABLE 11
SUMMARY OF DL STRATEGIES IN TERMS OF MAE FOR THE TARGET SEVEN MISSIONS FOR SAFE AD SYSTEMS

Domain Ref Measurement Analysis | Execution Theme
A road prediction system for augmented reality-
[52] v v v based navigation applications via CNNs and
suitable to work in night scenarios is presented.
Investigation of cascaded end-to-end CNN (CasNet)
for accurate road detection and localization of
centerline in the presence of complex backgrounds
Road and significant occlusions of trees and cars.
detection A Siamese fully convolutional network-based
framework for accurate detection of road boundaries
[54] 4 4 - . . . .
using RGB images, semantic contours, and location
priors.
A specific neural network (RBNet) designed for
[55] - v - road and road boundary detection in a single
process.
A novel deep neural network for LIiDAR and
camera sensors to estimate the lane area effectively.
Investigation of waveforms and CNN for detecting
lane markings for safe AD.
An energy-friendly lane detection and classification
strategy is proposed using stereo vision and CNN
for lateral positioning of ego-car and issuing
forward collision warning for safe AD.

[53] v . -

[56] v v -

[57] v - -

Lane
detection [58] 4 - 4

A multitask deep CNN for several objectives and

[59] i v/ ) a RNN that automatically detects lane boundaries.

An automatic approach for vehicle detection and
[60] 4 4 - counting using convolutional regression neural
network for traffic management and safe AD.

A CNN pipeline for 3D object detection using a
Vehicle monocular image.

detection A framework combines Faster R-CNN with

[2] - v - RefineNet and region of interest pooling for vehicle
detection.

A vehicle detection framework using multi-task
[62] v v - deep CNN and voting strategy of region-of-interest.

[61] - v -

A joint framework of deep features extraction,
[63] 4 4 _ handling deformation and occlusion, and
classification for pedestrian detection.

Complexity-aware cascaded pedestrian detectors are
Pedestrian [64] - v/ - investigated using combining features of very
detection different complexities.

A pedestrian detection approach via body part
semantics and contextual information with complex
handling of occlusions, achieving highly accurate
localization results.

[65] v v -

) A multi-granularity based deep framework by
Drowslness [66] 4 v/ intelligent usage of CNN and LSTM drowsiness
detection detection in videos.
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TABLE 11
(Continued.) SUMMARY OF DL STRATEGIES IN TERMS OF MAE FOR THE TARGET SEVEN MISSIONS FOR SAFE AD SYSTEMS

[67] v -

Three different state-of-the-art CNN models are
fused for the recognition of driver’s