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Revised 3 July 2021 (MHDs). The performance challenge has become more noticeable with the integration of Machine
Accgpted 25 J.UIy 2021 Learning (ML) techniques deployed in large-scale settings. ML has effectively supported the field of ITS
Available online 30 July 2021 T R A . } . e

by providing efficient and optimized solutions to problems that were otherwise tackled using traditional
statistical and analytical approaches. Addressing the hardware deployment needs of ITS in the era of ML
is a challenging problem that involves temporal, spatial, environmental, and economical factors. This sur-
vey reviews the recent literature of ML-driven ITS, in which MHDs were utilized, with a focus on perfor-
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mance indicators. A taxonomy is then synthesized, giving a complete representation of what the current
capabilities of the surveyed ITS rely on in terms of ML techniques and technological infrastructure. To

Taxonomy alleviate the difficulties faced in the non-trivial task of selecting suitable ML techniques and MHDs for
an ITS with a specific complexity level, a performance evaluation framework is proposed. The presented
survey sets the basis for developing suitable hardware, facilitating the integration of ML within ITS, and
bridging the gap between research and real-world deployments.
© 2021 The Authors. Published by Elsevier B.V. on behalf of King Saud University. This is an open access

article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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1. Introduction

Over the past few decades, ITS have spiked an increasing
research interest as a promising discipline for revolutionizing the
transportation sector and solving common traffic- and vehicle-
related problems. ITS comprise a multitude of interconnected
engineering feats that function as an entity for optimizing
network-scale travel experiences from a technical, social, eco-
nomic, and environmental aspect. Such optimizations necessitate
the advancement of information and communication technologies,
electronic sensors, control systems, and computers, which high-
lights the data-driven nature of modern ITS (Zhang et al., 2011;
An et al,, 2011). By acquiring and analyzing relevant data, ITS can
efficiently manage computing hardware resources through several
control and coordination algorithms, resulting in better traveler
convenience, reduced fuel consumption, and enhanced traffic flow
(Meneguette et al., 2018). ITS is a broad topic that encompasses
many subjects, where each one of these subtopics is a research
challenge of its own. A plethora of studies have addressed these
subjects, but they can be classified into a few areas including
Advanced Traffic Management Systems, Advanced Traveler Infor-
mation Systems, Advanced Vehicle Control Systems, Advanced
Public Transport Systems, Commercial Vehicle Operations, and
Rural Transportation Systems (Sussman, 2005).

The complexity of ITS applications necessitates computationally
powerful algorithms capable of analyzing tremendous amounts of
data, especially in the era of Big Data, as well as competent imple-
mentation devices to obtain accurate results in real time. Conve-
niently, ML comprises a wide range of such algorithms designed
for classification, regression, ranking, clustering, and dimensional-
ity reduction in different learning scenarios such as supervised,
unsupervised, semi-supervised, online, reinforcement, or active
learning (Mohri et al., 2018) as well as federated learning. As such,
ML, including Deep Learning (DL), proves crucial for diverse appli-
cations including, but not limited to, text or document classifica-
tion, natural language processing, speech processing, computer
vision, among others (Mohri et al., 2018). From there stems its
importance for ITS applications in handling immense data con-
cerned with different features of vehicles, roads, traffic, passengers,
and many others to perform detection, recognition, and prediction
of the different parameters involved for optimal assessment and
management of transportation systems. These may include vehicle
type recognition, lane detection, vehicle tracking, traffic speed esti-
mation, and more.

Consequently, hardware devices capable of satisfying the differ-
ent computational requirements of ML algorithms are needed in
Onboard Units (OBUs) and Roadside Units (RSUs). An ensemble
of MHDs such as Graphical Processing Units (GPUs), Central Pro-
cessing Units (CPUs), Microcontroller Units (MCUs), Field Pro-
grammable Gate Arrays (FPGAs), Application-Specific Integrated
Circuits (ASICs), and others offer promising potential for ITS appli-
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cations owing to their accessibility, reliability, cost-effectiveness,
and performance specifications. Depending on the computational
complexity of a required ML technique for a specific ITS applica-
tion, MHDs are chosen based on specific performance indicators
including computing performance, flexibility, power consumption,
and computational resources (Velez et al., 2015).

ITS has emerged as a topic of vigorous research loaded with a
multitude of challenges, which motivates conducting a thorough
literature survey on MHDs utilized in ML-Driven ITS applications.
Some of these applications, along with commonly utilized MHDs
and ML techniques, can be seen in Fig. 1. This field comprises a
complex network of data sources, hardware units, sensors, infras-
tructure, communication technologies, and intelligent control
(Meneguette et al., 2018). Applications such as vehicle routing,
intersection management, coordinated parking, and many others,
necessitate the utilization of a system capable of real-time compu-
tation and optimization, tasks conveniently performed by ML mod-
els. Such tasks elicit the need for advanced ML techniques
including online learning (Ser et al., 2019), or more recently feder-
ated learning (MManias and Shamianias and Shami, 2021), which
are adopted in ITS systems owing to their ability to perform real-
time computations on tremendous amounts of data. These
demanding computations vitally require advanced collective
resources for training and testing of models and pose the challenge
of selecting suitable hardware units. To that end, hardware
resources have to efficiently take in and process huge amounts of
data, satisfying the needs of large-scale learning models. For such
large settings, such as in federated learning, the device is not only
used to serve the ML model at inference but would also be used for
re-training the model on updated data that is gathered collectively
by ITS units. Thus, it is important to carefully consider the type of
hardware device used in deployment, especially with the recent
advances of large-scale applications such as smart cities and con-
nected and autonomous vehicles.

When it comes to a multitude of hardware units in transporta-
tion systems, numerous challenging temporal, spatial, environ-
mental, economical, and performance factors are involved. Thus,
hardware units must be carefully selected to satisfy the needs of
learning models while alleviating the impact of these challenges.
A thorough review of existing surveys shows the lack of a general
review on MHDs used to run ML techniques in ITS applications.
Since common embedded hardware units in connected vehicles,
trains, or any mode of transportation usually have limited capabil-
ities compared to other computationally fit processors, there exists
a need to explore other processor technologies. Such units must be
capable of taking in and analyzing huge amounts of data while
attaining appealing performance characteristics. Examples of such
units are Automotive Grade (AG) (Yalla et al., 2015; Sistu et al.,
2019) and off-the-shelf hardware, on which learning models are
easily deployed, facilitating the process of testing different scenar-
ios in ITS. To that end, our research objectives are as follows:
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Fig. 1. An ensemble of ITS applications in vehicle control and traffic management with emphasis on the diverse adoption of MHDs and ML techniques.

e Present the different applications in the literature within ITS
where ML can be of benefit and introduce what learning models
have been used to tackle each application.
Identify hardware devices that are used to satisfy the needs of
ML-driven ITS applications. Specifically, our survey focuses on
the processing technology rather than sensors or communica-
tion interfaces.
Identify the choice factors of ML techniques and MHDs.
Synthesize different basic taxonomies confined within the spec-
ified article context. Our proposed taxonomy considers only the
ITS applications within the areas of Advanced Vehicle Control
and Traffic Management Systems, the ML techniques used to
address various problems within these two areas, the process-
ing devices relied on for testing, validation, or real deployment,
as well as performance characteristics that give complexity or
competency indications.
Develop a performance evaluation framework for ITS applica-
tions, ML techniques, and hardware device characteristics that
enable cross-matching among the three areas reflecting how
they interweave.
Validate the developed framework through its application on a
diverse set of carefully selected investigations.
Analyze common and good practices within the paper context
and identify promising patterns of use versus achievements.
e Determine important limitations and gaps and refine a set of
pointers to future directions within the specified paper context.

A systematic protocol was abided by during the search of the
articles to be surveyed, and it is as follows. The academic search
engines used were IEEE Xplore digital library, ScienceDirect, and
SpringerLink. Several combinations of the following keywords were
used in the search process: intelligent transportation systems, traffic
management, vehicle control, artificial intelligence, machine learning,
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deep learning, computer vision, hardware devices, onboard units, and
roadside units. Finally, to keep the scope of this survey modern,
only publications as of 2014 were regarded.

In this paper, The adopted methodology is as follows:

e Develop the search protocol

e Survey the literature

e Develop classifications of surveyed investigations

e Develop the taxonomies

e Develop and validate the evaluation framework

e Analyze the survey findings and provide recommendations
e Conclude with open research questions

Although there are a plethora of surveys on various areas within
ITS, no survey has yet addressed the suitability of potential MHDs
that can be deployed for ML-driven ITS applications. Several sur-
veys in the literature present thorough investigations on ITS appli-
cations where data-driven solutions have a great impact, thus
enabling the usage of machine and deep learning techniques
(Veres and Moussa, 2019; Zhang et al., 2011; Zhu et al,, 2018).
Among such surveys are some that fully focus on specific areas
in advanced Vehicle Control (Arnold et al., 2019; Kuutti et al,
2021; Martinez et al., 2017a,b) or advanced Traffic Management
(Chen et al., 2015; Datondji et al., 2016; Jensen et al., 2016). Hard-
ware devices used for visual perception systems in autonomous
vehicles were presented in Shi et al. (2017). Additionally, the dif-
ferent sensor technologies that were considered for ITS were sur-
veyed in Guerrero-Ibafiez et al. (2018). However, none of these
surveys consider the MHDs needed to satisfy the potentially com-
plex requirements of the application considered and ML technique
used. In the literature, there are available surveys that tackle the
development of hardware devices for efficient operation of ML
models (Sze et al, 2017; Talib et al, XXXX), but these
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investigations remain general and do not consider the require-
ments of ITS applications and their implications. Therefore, to the
best of our knowledge, our work is the first in the literature that
explores MHDs needed to comply with ITS and ML requirements
for high-performance operation.

This paper is structured so that Section 2 thoroughly surveys
the literature on MHDs for ML-driven ITS applications. In Section 3,
the synthesized taxonomies that pertain to ITS, ML, and MHDs are
presented along with their developed performance models. In Sec-
tion 4 the cross-matching evaluation chart and selection model of
the proposed framework are presented. Section 5 provides a deep
discussion that comprises validating the developed model, analyz-
ing common and good practices, identifying gaps and limitations,
and refining a rich set of future work recommendations. Conclud-
ing remarks, open research questions, and additional future direc-
tions follow in Section 6.

2. MHDs for ML-Driven ITS Applications

A thorough review of the recent literature brings to attention
the extensive research focus on implementing ML techniques on
MHDs to solve common ITS problems concerned with Vehicle Con-
trol and Traffic Management. These problems involve acquiring
data for further processing and analysis while achieving real-
time requirements. Thus, training and testing of suitable ML algo-
rithms are performed and compared with similar work through
performance evaluation. Authors have selected different hardware
devices that fall under three main categories: Multipurpose
Devices (MDs), Specialized Devices (SDs), and Hybrid Devices
(HDs). MDs are defined as hardware devices capable of performing
diverse computational tasks due to their reprogrammability. In
contrast, SDs are those specifically designed and optimized for
the desired application. HDs, however, are those combining the
two aforementioned types to achieve unique results by bringing
Hardware/Software co-design, pre-processing, and co-processing
features to the table. The literature shows that implemented mod-
els perform better on certain MHDs than on others when it comes
to the time and accuracy requirements of an ITS application. This
section surveys the most recent work in this context and touches
on their performance, first from an ITS perspective, then according
to the three aforementioned hardware categories.

Table 1 shows a classification of the surveyed articles by hard-
ware category in chronological order, where the used hardware
device, ML algorithm, and ITS application were presented. The
hardware devices identified are the primary hardware devices
used in the investigations as several investigations utilized sec-
ondary hardware devices for purposes such as training and/or
pre-processing. The different factors influencing the choice of the
hardware device and ML algorithm per article are also highlighted
for each reference. These choice factors were identified in the
papers by either inferring from the text or finding these factors
explicitly mentioned. For ML algorithms, the choice factors are as
follows: performance reflects training and inference time, accuracy
reflects the ability of the model to produce correct results, robust-
ness reflects the ability of the algorithm to handle changes to the
input data, and complexity reflects how computationally light
the model is. For MHDs, the choice factors are defined as follows:
performance reflects the processing power of the device, flexibility
reflects the extent of reconfigurability of each device, power
consumption reflects that the author aimed to develop an
energy-efficient implementation, and resources reflect how many
computational resources the device can offer. In Table 1, L-CNN
stands for Lookup-based Convolutional Neural Network, SE-
ResNet for Squeeze-and-Excitation-Residual Network, and GCGA
for Graph Convolutional Generative Autoencoder. The superscript
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in the Hardware Device column corresponds to the ML purpose
the device was used for, where ’train’ stands for Training, 'inf for
Inference, 'on’ for Online Learning, 'pre’ for Pre-processing, and
’data’ for Data Acquisition. Similarly, the superscript in the ITS
application column corresponds to the scope of the ITS application,
where 'sim’ stands for Simulation, 'pro’ for Physical ITS Prototype,
and 'dep’ for Physical ITS Real Deployment.

The surveyed literature depicts not only ML techniques used for
theoretical testing and training purposes (Simulations), but also
those with the potential to be implemented in real ITS scenarios
(Physical ITS Prototypes and Physical ITS Real Deployment), as
shown in Table 1. While a major portion of the surveyed articles
were merely Simulations, where the proposed approaches were
simulated on CPUs or GPUs, namely (Dairi et al., 2018;
Hassannejad et al.,, 2015; Konigshof et al., 2019; Wont et al,,
2018; Chen et al., 2017; Kosaka and Ohashi, 2015; Kuang et al.,
2016; Nguyen et al., 2016; Chen and Huang, 2016; Gudigar et al.,
2019; Chen et al.,, 2014; Tian et al., 2019; Li et al., 2018; Wang
and Zhou, 2018; Sanz-Madoz et al., 2019; Lee and Kim, 2018;
Luo et al., 2017; Zhu et al., 2017; Jin et al., 2014; Lu et al., 2016;
Yuan et al., 2016; Shi et al., 2015; Deng et al., 2020; Outay et al.,
2019; Li et al., 2019; Wang et al., 2017; de Paula and Jung, 2015;
Abughalieh and Alawneh, 2020; Gkolias and Vlahogianni, 2019;
Chen et al., 2017; Soon et al., 2018; Shvai et al.,, 2020; Wang
et al,, 2017; Xie et al, 2018; Hu et al., 2015; Fang et al., 2016;
Bulan et al,, 2017; Yu and Gu, 2019; Ke et al., 2018; Chung and
Sohn, 2017; Cecilia et al., 2018; Shi et al.,, 2016; Vu et al, 2017;
Ke et al., 2018; Singh and Mohan, 2018; Lee and Min, 2018; Du
et al., 2020; Zang et al., 2018; Zheng et al., 2019; Zhan et al,,
2018), others implemented or even deployed the proposed ML
techniques. On the other hand, authors in (Chen et al., 2013;
Hsiao et al., 2014; Khan et al., 2016; Sangeetha and Deepa, 2017;
Hsiao et al., 2016; Cabanes et al, 2019; Lee et al, 2016;
Giesemann et al., 2014; Weng and Chiu, 2018; Lyu et al., 2018;
Jing et al., 2017; Mhalla et al., 2018; Khan et al., 2016; Dey et al.,
2018) developed Physical ITS Prototypes. That is to say that they
developed hardware implementations on devices such as FPGAs,
MCUs, and computer boards but only tested their approaches using
already existing datasets. However, in (Hsiao et al.,, 2015; Chen
et al.,, 2019; Heredia and Barros-Gavilanes, 2019; Han et al.,
2017; Wu et al,, 2019; Alonso et al., 2015; Vasconcelos et al,,
2017; Panahi and Gholampour, 2016; Khan et al., 2016; Wang
et al, 2019; Campoverde and Barros, 2019; Hu et al., 2014;
Magrini et al., 2015; Hu et al.,, 2014; Vinh, 2015; Zhou et al.,
2016; Asmara et al., 2020), hardware implementations were devel-
oped in addition to testing using real data for the target ITS appli-
cations. Thus, this kind of work represents actual Physical ITS Real
Deployment of the proposed techniques as it runs in real scenarios
that involve data collection using cameras and sensors as input to
the ML techniques deployed on MHDs.

2.1. ITS Applications

As shown in Table 1, there exists a considerable body of the lit-
erature tackling common ITS problems, one of which is Object
Detection. In Hsiao et al. (2014), edge feature extraction was com-
bined with ML to detect vehicles, while DL was deployed in Chen
et al. (2019) for panoramic video detection. Nighttime vehicle
detection was the focus of Kosaka and Ohashi (2015), in which
ML was utilized for blob detection of vehicle lights, and of Kuang
et al. (2016), in which bio-inspired image enhancement was com-
bined with DL and ML for detection in challenging scenarios. DL
was presented in Nguyen et al. (2016) with local patterns and
depth information to detect, recognize, and track vehicles and
pedestrians. Pedestrian detection was also addressed in (Chen
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Table 1

MHDs, ML techniques, and ITS applications used in the surveyed papers sorted by hardware class with emphasis on choice factors and chronological deployment trends.

Hardware Device Choice Factors

ML Algorithm Choice Factors

Class Ref. Year Hardware Performance Flexibility Power Resources ML Algorithm Performance Accuracy Robustness Complexity ITS
Device"pose of Use Con. Application®©r¢
Hu et al. (2014) ARM Cortex A9P"™® I Gaussian Mixture 7 7 Object Detection?e?
Model
Hu et al. (2014) ARM Cortex A9 inf P Adaboost P v Traffic Monitoring?e”
Hsiao et al. (2014) Xilinx Virtex-5°" P 174 Support Vector 17 Object Detection?e?
Machine (SVM)
Chen et al. (2013) 2014 Intel Altera Stratix 1" %4 SVM P Object Detection?™
Alonso et al. (2015) ARM Cortex M4F?@ P SVM P Vehicle Analysis®?
Hsiao et al. (2015) Xilinx Spartan-6:@m inf: pre P SVM P Object Detection %P
Magrini et al. Custom-made ARM-based v Gaussian Mixture 14 Traffic Monitoring?®”
(2015) mcuytrain. inf Model
Khan et al. (2016) Intel Altera Cyclone V" P SVM P Object Detection?™
Hsiao et al. (2016) Xilinx Spartan-6°" 174 v AdaBoost v Object Detection”™
Lee et al. (2016) 2016 Xilinx Virtex-7P" I SVM I Instruction
Recognition”™
Vasconcelos et al. ARM Cortex A9‘@n inf. on v K-means v P Vehicle Analysis®?
(2017)
Sangeetha and Xilinx Virtex-5P" I SVM 1% Object Detection”™
Deepa (2017)
Jing et al. (2017) 2017 Intel Altera Cyclone V" I I Artificial Neural 1% Traffic Detection”™
Network (ANN)
Giesemann et al. Xilinx Virtex-6™ - SVM e Instruction
(2014) Recognition?™
Lyu et al. (2018) Xilinx UltraScale™ P Convolutional v Road Detection”™
Neural Network
(CNN)
Wu et al. (2019) Xilinx Artix-7" v AdaBoost v v Instruction
Recognition®”
Heredia and Barros- Raspberry Pi 4™ v SVM & CNN v I Object Detection®P
Gavilanes (2019)
Chen et al. (2019) 2019 Xilinx Spartan-3™ » :/ EZ-Net (CNN) v » Object Detection®P
Multipurpose Asmara et al. (2020) Raspberry Pi 3B+" I CNN I » Traffic Prediction?®”
Devices Jin et al. (2014) NVIDIA Tesla C20757¢m inf P » CNN P Instruction
Recognition®™
Chen et al. (2014) 2014 NVIDIA Tesla K20 inf P P HOG-SVM P Instruction
Recognition®™
Nguyen et al. NVIDIA Tesla K40/ inf P TCNN & R-TCNN P v Object detection®™
(2016)
Chen et al. (2017) NVIDIA GeForce GTX 960 inf P CNN P v Instruction
Recognition®™
Chen et al. (2017) NVIDIA GeForce GTX 960 inf P K-means v Object Detection®™
Bulan et al. (2017) NVIDIA GeForce GTX 570 inf P P CNN v P P Traffic Detection®™
Kuang et al. (2016) NVIDIA GeForce GTX 970an. inf P CNN P Object Detection®™
Lu et al. (2016) NVIDIA Tesla 2075 @™ inf P M2-tMTL (ANN) P v Instruction
Recognition®™
Yuan et al. (2016) NVIDIA GeForce GTX Titan X i v P SVM v v Instruction
Recognition™™
Fang et al. (2016) 2017 NVIDIA GeForce GTX Titan X inf v CNN P Traffic Detection™™
Lee and Min (2018) NVIDIA GeForce GTX 1080 Tit@m i v Long Short-term v Traffic Prediction®™
Memory
Cecilia et al. (2018) NVIDIA Tesla Kepler K40C!ain inf e v Fuzzy Minimals v Optimization®™
Wang et al. (2017) NVIDIA Tesla K80 inf » Fully-Convolutional v Road Detection®™
Siamese Networks
Xie et al. (2018) NVIDIA GeForce GTX 980 inf v CNN » v Traffic Detection™™
Zhu et al. (2017) NVIDIA GeForce GTX Titan X! i 1 Fully Convolutional e Instruction

Networks

Recognition®™

(continued on next page)
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Table 1 (continued)

Hardware Device Choice Factors ML Algorithm Choice Factors

9765

Class Ref. Year Hardware Performance Flexibility Power Resources ML Algorithm Performance Accuracy Robustness Complexity ITS
Device!Pose of Use Con. Application®*°P®
Wont et al. (2018) NVIDIA GeForce GTX Titan X! inf P AggNet (CNN) v Object Detections™
Weng and Chiu TSMC 90 nm?™® I I I SVM I Instruction
(2018) Recognition™
Vu et al. (2017) NVIDIA GeForce GTX 1050 Ti‘rn inf P CNN v P Incident
Recognition®™
Chung and Sohn NVIDIA Quadro K5200@™ inf P CNN P Traffic Monitoring™™
(2017)
Lee and Kim (2018) Snapdragon TM 820A (GPU)@im inf v CNN P Instruction
Recognition®™
Luo et al. (2017) NVIDIA Titan Black!an. inf v CNN v P Instruction
Recognition®™
Soon et al. (2018) NVIDIA GeForce GT 730 nf v CNN P v Traffic Detection®™
Wang et al. (2017) 2018 NVIDIA GeForce GTX 1080 inf v P CNN P Traffic Detection™™
Singh and Mohan NVIDIA Tesla K20crin inf v » Stacked » Incident
(2018) Autoencoder Recognition®™
Tian et al. (2019) NVIDIA GeForce GTX Titan X @i inf - MSRA-NN (RNN) v v Instruction
Recognition®™
Konigshof et al. NVIDIA GeForce GTX Titan X! inf P CNN v Object Detection®™
(2019)
Li et al. (2019) NVIDIA GeForce GTX Titan X! inf P » L-CNN » Road Detection®™
Yu and Gu (2019) NVIDIA GeForce GTX 1080 Ti‘™™ inf P GCGA v Traffic Monitoring*™
Li et al. (2018) NVIDIA Titan Xptrain inf e SE-ResNet - Instruction
Recognition®™
Wang and Zhou NVIDIA GeForce GTX 76074 inf P CNN v Instruction
(2018) Recognition®™
Sanz-Madoz et al. NVIDIA Geforce GTX 980 inf 7 Extreme Learning I Instruction
(2019) Machine Recognition 5™
Ke et al. (2018) NVIDIA GeForce GTX 1080@™ P CNN P Traffic Monitoring™™
Zang et al. (2018) NVIDIA GeForce GTX 1080@™ P P CNN & Long Short- v v Traffic Prediction®™
term Memory
Zheng et al. (2019) NVIDIA GeForce GTX 1080 Ti‘™n inf P CNN & Long Short- v P Traffic Prediction®™
term Memory
Shvai et al. (2020) NVIDIA Tesla K80 inf P CNN v Traffic Detection®™™
Du et al. (2020) NVIDIA Tesla P100-PICE™@™ inf P Residual Long v P v Traffic Prediction®™
Short-term Memory
Deng et al. (2020) NVIDIA Titan Xp®an inf v CNN v Vehicle Analysis*™
Campoverde and NVIDIA GeForce GTX 10607 v Deep Neural v P Traffic Detection?e?
Barros (2019) Network (SSD)
Specialized Abughalieh and 2020 NVIDIA GeForce GTX 1060 inf P CNN P Driver Assistances™
Devices Alawneh (2020)
Vinh (2015) FriendlyARM Tiny4412 Board™ v v SVM v P Instruction
Recognitione?
Khan et al. (2016) Xilinx Zyng-7000 SoCtrain inf. pre v v SVM P v Traffic Monitoring?e”
Zhou et al. (2016) Xilinx Zyng-7000 SoC™ Pr¢ v v SVM I I Instruction
Recognition¢?
Han et al. (2017) NVIDIA Jetson TX1" I » CNN 1% Instruction
Recognition¢?
Dey et al. (2018) 2018 Xilinx Zyng-7000 SoCtre™ inf: on P CNN P Traffic Monitoring”™
Wang et al. (2019) NVIDIA Jetson TK1¢ain inf P » CNN e Traffic Detection?e”
Cabanes et al. Xilinx Zyng-7000 SoC!e™ in. pre SVM Object Detection”™
(2019)
Hybrid Devices Mhalla et al. (2018) 2019 NVIDIA Tegra TX1!ain- inf v Region-based CNN v Traffic Detection”™
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et al,, 2013; Khan et al,, 2016; Sangeetha and Deepa, 2017; Hsiao
et al, 2016; Hsiao et al, 2015; Heredia and Barros-Gavilanes,
2019). Both Hsiao et al. (2016) and Hsiao et al. (2015) employed
background image segmentation with ML, while (Chen et al.,
2013) used ML with feature extraction. ML was also utilized in
Khan et al. (2016) for a highly accurate, memory-efficient acceler-
ator, and in Sangeetha and Deepa (2017) for multi-scale, low-cost,
hardware-efficient detection. Multiple classification algorithms
were implemented in Heredia and Barros-Gavilanes (2019) to
detect pedestrians, bicycles, and autos. Multiple object detection
was also the focus of Dairi et al. (2018) using DL-based detection
and Cabanes et al. (2019) by automating prototyping steps to
reduce execution time. Furthermore, a real-time stereo-based 3-
dimensional DL approach was introduced in (Konigshof et al.,
2019). However, for small objects, an aggregated DL-based
approach was proposed in (Wont et al., 2018). Finally, to detect
moving objects, real-time detection was achieved using motion
extraction and visual features with ensemble learning in
Hassannejad et al. (2015), and detection and motion estimation
were realized using stereo super-pixel boundary classification in
(Chen et al., 2017).

A commonly addressed ITS problem is the recognition of traffic
signs and traffic lights. Traffic sign recognition was investigated in
(Lee et al., 2016; Gudigar et al., 2019; Han et al., 2017; Weng and
Chiu, 2018; Chen et al., 2014; Sanz-Madoz et al., 2019; Luo et al.,
2017; Jin et al,, 2014; Lu et al., 2016; Yuan et al., 2016; Vinh,
2015; Zhou et al., 2016). ML was implemented with feature extrac-
tion in (Lee et al., 2016; Gudigar et al., 2019; Chen et al., 2014) and
with computer vision in (Weng and Chiu, 2018). Additionally,
decreased computational and memory cost performance was
achieved in Lu et al. (2016) using multitask learning. DL was uti-
lized with color and shape segmentation in Han et al. (2017) and
feature extraction in (Sanz-Madoz et al., 2019). Moreover, using
DL, symbol and text-based classification was realized in Luo et al.
(2017) and state-of-the-art recognition was achieved in (Jin et al.,
2014). Notably, the ML approach in Yuan et al. (2016) achieved
performance comparable with DL with less computational power.
Traffic sign detection was discussed in (Giesemann et al., 2014;
Tian et al., 2019; Li et al., 2018; Lee and Kim, 2018; Zhu et al.,
2017). In Giesemann et al. (2014), an ML approach with image seg-
mentation was presented, while DL was employed in Tian et al.
(2019) for high-accuracy multi-scale recurrent attention analysis,
Li et al. (2018) for end-to-end saliency model capable of dealing
with challenging visual conditions, Lee and Kim (2018) for robust
low-power detection, and Zhu et al. (2017) for an efficient frame-
work able to detect different languages. Furthermore, Vinh
(2015) and Zhou et al. (2016) both deployed computer vision and
ML techniques to detect and recognize traffic signs, respectively.
Finally, (Chen and Huang, 2016; Wu et al, 2019; Wang and
Zhou, 2018; Shi et al., 2015) studied traffic light detection, of which
Chen and Huang (2016) and Shi et al. (2015) deployed a vision-
based ML approach, while Wu et al. (2019) used ensemble learning
for efficient performance, and Wang and Zhou (2018) proposed DL
with high dynamic range imaging.

Several other vehicle-related challenges have also attracted
attention in recent years. For instance, Alonso et al. (2015) utilized
computer vision and ML to detect weather status using road sur-
face conditions. Other work investigated driver behavior prediction
by applying ML techniques to speed and acceleration data
Vasconcelos et al. (2017) and driver attention assessment by track-
ing eye movement using DL (Deng et al., 2020). Several other stud-
ies focused on road-related problems. For example, Lyu et al.
(2018) implemented a DL-based road segmentation algorithm to
process LiDAR data, Li et al. (2019) deployed an end-to-end DL sys-
tem to perform road traffic line detection, Wang et al. (2017)
implemented a DL model to detect roads, while de Paula and
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Jung (2015) applied computer vision and ML to detect and classify
road lane markings. Additionally, to enhance visibility in foggy sce-
narios, Outay et al. (2019) utilized feature extraction with ML for
excellent visibility range estimation. Other works presenting less-
addressed driving issues include detection of pedestrians’ inten-
tion to cross using DL with depth-sensing in Abughalieh and
Alawneh (2020), detection of on-street parking spaces using DL
with in-vehicle camera images in Gkolias and Vlahogianni
(2019), and robust nighttime turn signal detection and tracking
using DL in Chen et al. (2017).

Multiple investigations in the literature have focused on traffic
surveillance. Namely, traffic detection and classification were tack-
led in (Khan et al., 2016; Wang et al.,, 2019; Campoverde and
Barros, 2019; Shvai et al., 2020; Mhalla et al., 2018; Wang et al.,
2017; Hu et al.,, 2015; Fang et al., 2016). ML was utilized to recog-
nize vehicle type and color in (Khan et al., 2016) and car brand
using multiple-instance learning in (Hu et al., 2015). Furthermore,
DL was implemented in several investigations for vehicle type
recognition. Namely, it was used for classification in Wang et al.
(2019), challenging scenario detection in Mhalla et al. (2018),
and recognition by transfer learning in (Wang et al., 2017). More-
over, DL models were deployed on recycled smartphones in
Campoverde and Barros (2019) for the detection of urban actors
and automatic toll collection in Shvai et al. (2020). Finally, DL
and ML were employed for vehicle model recognition in Fang
et al. (2016). Other issues included the recognition of vehicle logos
and license plates. For instance, vehicle logo recognition was
achieved in Soon et al. (2018) by DL hyper-parameter optimization.
License plate recognition was addressed by (Panahi and
Gholampour, 2016; Jing et al., 2017; Bulan et al., 2017), where
ML was used in Panahi and Gholampour (2016) for recognition of
unclear plates, DL based optical character recognition was imple-
mented in Jing et al. (2017), and DL based segmentation- and
annotation- free recognition was attained in Bulan et al. (2017)
for challenging scenarios. Lastly, Xie et al. (2018) deployed a DL-
based approach for multi-direction license plate detection with
limited computational resources.

Researchers in (Hu et al., 2014; Magrini et al., 2015; Khan et al,,
2016; Dey et al., 2018; Yu and Gu, 2019; Ke et al., 2018; Chung and
Sohn, 2017) focused on monitoring traffic and passenger flow
parameters in real time. For instance, Hu et al. (2014) used fore-
ground detection and ML to count the number of passengers. In
Magrini et al. (2015) and Ke et al. (2018), traffic flow estimation
was investigated, where Magrini et al. (2015) utilized monitoring
cameras and ML with constrained memory and computational
power, while Ke et al. (2018) used ensemble learning with
unmanned aerial vehicle data. ML was also employed in Khan
et al. (2016) for queue length, speed, and count estimation, and
in Chung and Sohn (2017) for traffic density measurement. Addi-
tionally, traffic speed maps were generated in Yu and Gu (2019)
using DL architecture. Finally, traffic load characterization was
done in Dey et al. (2018) using a DL model that proved effective
even with little training data.

Traffic parameter prediction is another application occasionally
encountered in the literature. Lee and Min (2018) deployed a long
short-term memory DL model to accurately predict urban traffic.
Du et al. (2020) utilized a spatio-temporal DL model for urban traf-
fic passenger flow prediction, which outperformed traditional and
DL-based methods. In addition, Zang et al. (2018) applied a multi-
scale spatio-temporal DL approach for long-term traffic speed pre-
diction. Traffic flow prediction was also tackled in Zheng et al.
(2019) and Zhan et al. (2018), where a hybrid deep and embedding
learning approach was presented in Zheng et al. (2019), and
ensemble learning was used in Zhan et al. (2018). Finally, Asmara
et al. (2020) addressed traffic density prediction using the You
Only See Once deep learning technique for object detection.
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Other ITS problems studied include monitoring and identifying
miscellaneous traffic variables. For example, Vu et al. (2017) used
DL with highway live streaming videos to identify road violations.
To detect abandoned items robustly and accurately, ML was
employed with foreground information extraction in Hu et al.
(2014). Moreover, to detect road congestion, surveillance videos
were used with multidimensional feature space DL in Ke et al.
(2018). Accident recognition and localization were achieved
through automatic deep feature representation of spatio-
temporal video volumes in Singh and Mohan (2018) even in harsh
visual conditions. Another challenge was air pollution monitoring,
which was tackled using vehicle position and status data with ML
in Cecilia et al. (2018) even with high loads. Finally, automatic road
crack detection was addressed in Shi et al. (2016) by deploying ML
using learned visual crack features in a fast, precise, and easy to
parallel approach.

2.2. Multipurpose Devices

An abundance of work in the literature has used CPUs to run ML
algorithms in the context of various ITS application, as was high-
lighted in the aforementioned discussion. Among these are Intel
processors such as the Intel Xeon E5 used in Kosaka and Ohashi
(2015) and Outay et al. (2019), the Intel i5 used in (Gkolias and
Vlahogianni, 2019; Zhan et al., 2018; Panahi and Gholampour,
2016; Gudigar et al., 2019), and the Intel i7 used in (de Paula and
Jung, 2015; Hu et al., 2015; Dairi et al., 2018). However, those pro-
cessors that fall under the umbrella of Complex Instruction Set
Computers (CISC) processors are known for their bulk instructions
that mandate high latency per cycle. Thus, such processors are not
necessarily compact enough to cater to the needs of OBUs and
RSUs when real-time ITS applications are considered. Hence, they
are just used for simulation and testing.

Other works in the literature have adopted stand-alone
Reduced-instruction-set Computing (RISC) processors to run vari-
ous ML algorithms in different ITS scenarios. Among these are
Advanced RISC Machines (ARM) processors. For instance, the
ARM Cortex A9 Processor was used in Hu et al. (2014) to run the
Gaussian Mixture Model algorithm for real-time detection of aban-
doned objects, and in Hu et al. (2014) where the AdaBoost classifier
was trained to detect passengers in public areas. The ARM Cortex
A9 was also used in Vasconcelos et al. (2017), where the Samsung
Galaxy SIII smartphone was used to run the K-means algorithm for
driver behavior prediction, achieving a high accuracy of 95.45%.
Another ARM processor, the ARM Cortex-M4F, was used in
Alonso et al. (2015) to run a SVM classifier for detecting road
weather status in real time, while keeping power consumption
low with a CPU usage of only 5.3%.

A different line of research uses FPGAs as the hardware device
instead of CPUs. Most notably, FPGAs developed by Xilinx have
been widely used in several investigations for ML applications in
the context of ITS. The Xilinx Virtex-5 FPGA was used in Hsiao
et al. (2014) to run an SVM classifier for multiple-vehicle detection
where a detection rate above 90% was reached, and in Sangeetha
and Deepa (2017) for pedestrian detection where the histogram
of edge oriented gradients feature extracture was used and fol-
lowed by SVM. The Xilinx Virtex-6 ML605 and Xilinx Virtex-7
V2000T FPGAs were used in Giesemann et al. (2014) and Lee
et al. (2016) for traffic sign detection with SVM. Another type of
Xilinx FPGA is the Spartan-6 that was used to run SVM and Ada-
Boost classifiers in Hsiao et al. (2015) and Hsiao et al. (2016)
respectively, for real-time pedestrian detection. Other Xilinx FPGA
boards are the UltraScale FPGA used in Lyu et al. (2018) to train a
CNN for real-time road segmentation, the Artix-7 FPGA used in Wu
et al. (2019) to train an AdaBoost classifier for traffic light detec-
tion, and the Xilinx FPGA used in Chen et al. (2019) to train the
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EZNet, a CNN proposed for surrounding vehicle detection in auton-
omous vehicles, which achieved a mean average precision of 73.6%
that is slightly higher than the identified similar work.

Another important family of FPGAs are the ones manufactured
by Altera Corporation, now acquired by Intel. These FPGAs have
been widely used in various ITS applications. For instance, the
Altera Stratix II FPGA was used in Chen et al. (2013) to run an
SVM classifier and a Histogram of Oriented Gradients feature
extractor for human pedestrian detection, where a high detection
accuracy above 95% was achieved. Another type of Altera FPGA is
the Cyclone IV FPGA that was used in Khan et al. (2016) to run
an SVM classifier for pedestrian detection, helping reduce the
memory requirements to 0.34 Mbits. The Cyclone IV FPGA was also
used in Jing et al. (2017) to run a feed-forward Neural Network
(NN) for license plate recognition, achieving a processing time of
30.52 us per license plate which is much lower than similar work
that had processing times in the ms range.

Different types of MDs such as Computer Boards and MCUs
have also been used in the literature. A Raspberry Pi 3B + and a
Raspberry Pi 4 were utilized in Asmara et al. (2020) and Heredia
and Barros-Gavilanes (2019) respectively to detect moving vehi-
cles in real-time, where ML algorithms such as SVM and CNN were
used. Also, a custom-made ARM-based MCU was used in Magrini
et al. (2015) to run a Gaussian Mixture Model algorithm to esti-
mate traffic flow in urban environments.

2.3. Specialized Devices

Extensive usage of GPUs to run various ML algorithms has been
observed in ITS literature. The main motivation behind using GPUs
is their specialized computational units that play a major role in
accelerating computationally demanding tasks in computer vision
applications. In this respect, there has been a very wide usage of
the different GPUs manufactured by NVIDIA, which offers several
lines of product. Among these GPUs is the NVIDIA Tesla series.
The Tesla K20 was used in Chen et al. (2014) to support Histogram
of Oriented Gradients SVM computations for real-time traffic sign
detection and recognition, achieving a processing rate of 27.9
frames per second (fps). The Tesla K20C was used in Singh and
Mohan (2018) to train a stacked auto-encoder for road accident
detection with an accuracy of 77.5%. In Nguyen et al. (2016), the
Tesla K40 was used to run a Tile Convolutional Neural Network
(TCNN) and a Recursive TCNN (R-TCNN) for road obstacle detec-
tion, achieving a processing time of 70 ms. Similarly, the Tesla
K40C was employed in Cecilia et al. (2018) where highly polluting
drivers and traffic areas were identified with Fuzzy Minimals clus-
tering which took 145.57 sec to execute. The Tesla K80 was used to
run the Siamesed Fully Convolutional Networks for road detection
in Wang et al. (2017) and a CNN for vehicle type classification in
Shvai et al. (2020), where high accuracy levels of 98.1% and
99.03% were obtained, respectively.

Another Tesla model is the Tesla C2075 used for traffic sign
recognition in both (Jin et al.,, 2014 and Lu et al., 2016). A CNN-
based approach in Jin et al. (2014) achieved a high recognition rate
of 99.65%, while a multi-modal tree-structure embedded multitask
learning algorithm (M2-tMTL) in Lu et al. (2016) took 0.5 hours in
training compared to a CNN-based approach of the literature that
took 37 hours. The Tesla P100 PICE was employed in Du et al.
(2020) to train a deep Irregular Convolutional Residual Long
Short-term Memory (ICRL), which accelerated the training process
by 6 times.

Another line of research employed the NVIDIA Gefore GTX Titan
X to run their selected ML algorithms. The Titan X was used in
(Yuan et al,, 2016; Tian et al., 2019; Zhu et al., 2017) for traffic sign
detection. In Yuan et al. (2016), multi-class SVM achieved a high
classification rate of 99.14%. A Multi-Scale Recurrent Attention
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Neural Network was used in Tian et al. (2019) where a processing
time of 600 ms was observed. Another type of NNs, namely the
Fully-Convolutional Network was used in Zhu et al. (2017) where
a lower processing time of 150 ms was achieved. The Titan X was
also used for object detection in Wont et al. (2018) and
Konigshof et al. (2019). An Aggregated CNN was proposed in
Wont et al. (2018) for real-time detection in road-driving scenar-
ios, where high resolution images of 1024 x 320 were processed
at a rate of 22 fps. Similar work was done in Konigshof et al.
(2019) using a CNN, where total latency remained below 100 ms.
The Titan X was also used for vehicle model recognition in Fang
et al. (2016) where a CNN model achieved a competitive 90% test
accuracy. Line-CNN was introduced in Li et al. (2019) for traffic line
detection, where a rate of 30 fps was achieved.

Other versions of the NVIDIA Titan series have also been
explored, such as the Titan XP used in Deng et al. (2020) to run a
Convolutional-Deconvolutional Neural Network that models dri-
vers’ eye movements and predicts driving fixation. Titan XP was
also used for traffic sign detection in Li et al. (2018) where the pro-
posed Squeeze-and-Excitation-ResNet was shown to work well in
real-time with an average elapsed time of 292 ms. Another Titan
model is the Titan Black used in Luo et al. (2017) for traffic sign
recognition, where the developed CNN had a slow processing time
of 6.44 sec.

Wide usage of the NVIDIA GTX Geforce 500, 700, and 900 series
was found in the literature, despite the fact that they are consid-
ered to be relatively older than the devices found in the market
or in the literature. The GTX 570 was used in Bulan et al. (2017)
for license plate recognition with a CNN where an acceptable pro-
cessing time of 2 sec was reached. The GTX 730 was used in Soon
et al. (2018) for the recognition of 13 vehicle logos with a CNN that
reached a high accuracy level of 99.1%. A CNN was also run on the
GTX 760 in Wang and Zhou (2018) to recognize traffic lights and
achieved a precision rate of 96.8% that was slightly higher than
the identified similar work. The GTX 960 was employed in Chen
et al. (2017), where an algorithm that uses K-means clustering to
detect moving objects in driving scenarios was proposed and
achieved a short capturing time of 10 ms. In Chen et al. (2017),
the GTX 960 was used for turn signal detection with a CNN model
that showed a high accuracy rate of 95%. The GTX 970 was used for
nighttime vehicle detection, where the mean detection time of the
CNN used was 0.42 sec. The GTX 980 was used in Xie et al. (2018)
for CNN-based real-time car license plate detection, achieving a
run time of 7.7 ms, and in Sanz-Madoz et al. (2019) for traffic sign
recognition, where a reduced kernel Extreme Learning Machine
method was proposed with the results showing a reduction of 10
times in execution time compared to a CPU-based simulation.

The GTX 10 series have also been widely used, as in Vu et al.
(2017) where a CNN-based approach to detect traffic incidents
was run on a GTX 1050 Ti, achieving a processing time of 83 fps.
The GTX 1060 was used for object detection in Campoverde and
Barros (2019) using a Deep Neural Network, and for predicting
the intention of pedestrians crossing the road in Abughalieh and
Alawneh (2020) where the developed CNN achieved a fair accuracy
of 85%. The GTX 1080 was used in Wang et al. (2017) for vehicle
type recognition, where a low accuracy of 55.13% was achieved
for 20 vehicles types. Similarly in Ke et al. (2018), the GTX 1080
was used in traffic flow estimation using an ensemble classifier
based on a CNN. The GTX 1080 was also used in Zang et al.
(2018) for traffic speed estimation, using a Multiscale Spatio-
Temporal Feature Learning network that achieved a mean relative
error of 0.138. The GTX 1080 Ti was used in Lee and Min (2018) for
traffic prediction, where the deployed Long Short-term Memory
model achieved a root mean square error of 0.41. The GTX 1080
Ti was also used for a similar purpose in Zheng et al. (2019), where
a model composed of CNN and Long Short-term Memory layers
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was proposed and achieved a mean absolute percentage error of
0.1721 which was the lowest among the various identified similar
work. Similarly in Yu and Gu (2019), the GTX 1080 Ti was used for
real-time traffic speed estimation, where the GCGA model used
achieved a satisfactory mean absolute percentage error of 7.3%

Other considered GPUs include the NVIDIA Quadro K5200 that
was used in Chung and Sohn (2017) to predict traffic density with
a CNN model that achieved a low root mean square error of 4.150
after being trained at a rate of 13 sec per epoch. Another type of
identified GPU usage is seen in Lee and Kim (2018) where Qual-
comm’s Snapdragon 820A processor with GPU utilization was
deployed in traffic sign detection. The CNN model proposed in this
work was able to run at a rate of 7 fps.

A Taiwan Semiconductor Manufacturing Company (TSMC)
90 nm Complementary Metal-Oxide-Semiconductor (CMOS) was
considered in Weng and Chiu (2018) where it was used to run a
Histogram of Oriented Gradients SVM classifier for traffic sign
recognition. This ASIC device proved to be resource-efficient with
a power consumption of 8 mW and achieved a real-time processing
rate of 135 fps.

2.4. Hybrid Devices

Some investigations in the literature used System on Chip (SoC)
platforms that are usually paired with traditional general purpose
CPUs that enable Hardware/Software partitioning when it comes to
implementing ITS applications. Specifically, Xilinx’s Zynq-7000 SoC
has been a desired platform due to its integration of the hardware
programmability of FPGAs and software programmability of ARM
processors, thus providing desirable co-design characteristics. In
Khan et al. (2016), the Zynq-7000 was used to run an SVM classifier
for vehicle type recognition, achieving a fast processing rate of 50
fps for 720 x 576 images. A similar approach is presented in
Cabanes et al. (2019), where the Zynq-700 was used for SVM-
based object detection and achieved a processing rate 300 times
faster than software implementations. Similarly, the Zynq-7000
SoC was used in Dey et al. (2018) for traffic monitoring using
CNN models. In Zhou et al. (2016), a novel Hardware/Software
co-design architecture was implemented on a Zyng-7000 SoC to
run an SVM classifier for real-time traffic signal recognition. Simi-
lar work was done in Vinh (2015), where a Zyng-7000 SoC,
equipped with a quad-core ARM Cortex-A9, was used to run an
SVM classifier for real-time traffic sign detection.

The NVIDIA Jetson TX1 supercomputer on module has been
desirable for ITS applications where visual computing is of need.
For instance, the Jetson TX1 was used in Han et al. (2017) for
CNN-based traffic sign recognition, achieving an accuracy of 96%
but a low processing rate of 1.6 fps. The Jetson TX1 was also used
in Wang et al. (2019) for vehicle type recognition with a faster
region-based CNN model, achieving a processing rate of 354 ms
and accuracy levels around 90%. Similar work was done in
Mhalla et al. (2018) where the Jetson TX1 module was used for
object detection in traffic scenarios using a region-based CNN
model.

3. Taxonomies and Performance Models

The richness of the survey in Section 2 inspired the synthesis of
a taxonomy of ITS applications, ML techniques, and MHDs com-
monly used in the literature of Vehicle Control and Traffic Manage-
ment. Similarly, the performance metrics used in the literature
influenced the development of a standalone taxonomy of ITS, ML,
and MHD indicators, as shown in Table 2. This table presents these
indicators as either complexity or competency indicators, and
highlights the articles which considered some of these indicators



0€6S

Table 2

Taxonomy of Indicators Describing the Complexity or Competency of ITS Applications, MHDs, or ML Techniques.

Indicator Indicator

Type

Complexity Competency

Ref.

Consideration in the Literature

ITS1

ITS2
ITS3
ITS4

ITS5
ITS6
ITS7
HW1
HW2
HW3

HW4
HW5

HW6
ML1
ML2

ML3
ML4
ML5
ML6

ML7
MLS8

Vehicle & Traffic v
Efficiency

Energy
Operational Load
Infrastructure &
Deployment Scale
Data

Node Resources
Safety Services
Frequency

Area

Power
Consumption
Memory Capacity
Interfacing
Capability

Time Factor
Complexity 1%
Accuracy

AN WA

AN WA

Training Data
Scalability

Additional Abilities
Time Factor v

Additional Needs
Robustness

ANANAY

AN

ANANAY

Kaparias et al. (2011)

Kaparias et al. (2011)
Asmara et al. (2019)
Kaparias et al. (2011)

Zhu et al. (2018)
Rouabeh et al. (xxxx)
Asmara et al. (2019)
Damaj (2007)

Zhu et al. (2018)

Damaj and Kasbah (2018)

Greathouse and Loh (2018)

Malone et al. (2011)

Damaj and Kasbah (2018)
Klaine et al. (2017)
Goutte et al. (2005)

Klaine et al. (2017)
Klaine et al. (2017)
Zappone et al. (2019)
Klaine et al. (2017)

Zappone et al. (2019)
Xu and Mannor (2011)

(Khan et al., 2016; Weng and Chiu, 2018)

(Weng and Chiu, 2018; Alonso et al., 2015; Magrini et al., 2015; Khan et al., 2016; Vasconcelos et al., 2017; Wu et al., 2019; Chen
et al.,, 2019)
(Heredia and Barros-Gavilanes, 2019; Lee et al., 2016; Alonso et al., 2015; Vasconcelos et al., 2017)

(Chen et al., 2013; Hsiao et al., 2014; Dairi et al., 2018; Sangeetha and Deepa, 2017; Hsiao et al., 2016; Hsiao et al., 2015; Chen
et al., 2019; Heredia and Barros-Gavilanes, 2019; Hassannejad et al., 2015; Konigshof et al., 2019; Wont et al., 2018; Chen et al.,
2017; Kosaka and Ohashi, 2015: Kuang et al., 2016; Nguyen et al., 2016; Chen and Huang, 2016; Gudigar et al., 2019; Han et al.,
2017; Weng and Chiu, 2018; Chen et al., 2014; Tian et al., 2019; Wang and Zhou, 2018; Sanz-Madoz et al., 2019;Lee and Kim,
2018; Luo et al.,, 2017; Zhu et al., 2017; Jin et al.,, 2014; Lu et al., 2016; Yuan et al., 2016; Shi et al., 2015; Vasconcelos et al., 2017;
Deng et al., 2020; Outay et al., 2019; Lyu et al., 2018; Li et al., 2019; Wang et al., 2017; de Paula and Jung, 2015; Abughalieh and
Alawneh, 2020; Gkolias and Vlahogianni, 2019; Chen et al., 2017; Panahi and Gholampour, 2016; Wang et al., 2019;
Campoverde and Barros, 2019; Jing et al., 2017; Soon et al., 2018; Shvai et al., 2020; Mhalla et al., 2018; Wang et al., 2017; Xie
etal, 2018; Hu et al., 2015; Fang et al., 2016; Bulan et al., 2017; Magrini et al., 2015; Dey et al., 2018; Yu and Gu, 2019; Ke et al.,
2018; Chung and Sohn, 2017; Shi et al., 2016; Vu et al., 2017; Ke et al., 2018; Singh and Mohan, 2018; Lee and Min, 2018; Du
et al., 2020; Zang et al., 2018; Zheng et al., 2019; Zhan et al., 2018)

(Cabanes et al., 2019; Heredia and Barros-Gavilanes, 2019; Hassannejad et al., 2015; Konigshof et al., 2019; Wont et al., 2018;
Kosaka and Ohashi, 2015; Gudigar et al., 2019; Han et al., 2017; Giesemann et al., 2014; Weng and Chiu, 2018; Tian et al., 2019;
Wang and Zhou, 2018; Sanz-Madoz et al., 2019;Lee and Kim, 2018; Luo et al., 2017; Zhu et al., 2017; Jin et al., 2014; Lu et al.,
2016; Shi et al., 2015; Vasconcelos et al., 2017; Outay et al., 2019; Lyu et al., 2018; Wang et al., 2017; de Paula and Jung, 2015;
Chen et al., 2017; Jing et al., 2017; Soon et al., 2018; Mhalla et al., 2018; Wang et al., 2017; Xie et al., 2018; Hu et al., 2015; Yu and
Gu, 2019; Ke et al., 2018; Chung and Sohn, 2017; Cecilia et al., 2018; Vu et al., 2017; Zhan et al., 2018)
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as performance metrics. The proper assessment of ITS applications
is integral in determining the suitable ML techniques and MHDs
needed for implementation.

3.1. ITS Taxonomy and Performance Model

The thorough survey of ITS applications within the wide scopes
of Vehicle Control and Traffic Management exhibits a set of dis-
crete subcategories, presented in Fig. 2, that constitute the com-
mon problems tackled in the literature, grouped by their
respective goals. In Vehicle Control, vehicle analysis refers to data
acquisition and analysis for the driver or vehicle, instruction recog-
nition relates to traffic light and sign recognition, while driver
assistance includes vehicle tasks that do not fall under the other
subcategories. For Traffic Management, traffic detection implies
detecting vehicle type or number plate, while optimization
includes studying the road condition, weather, air quality, among
others. The rest of the subcategories are self-explanatory.

ML

ITS
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The literature also presents the most used performance indica-
tors for ITS applications, listed in Table 2, which led to the develop-
ment of the later performance evaluation model in Table 3. This
model evaluates the complexity of a system based on its target
vehicle and traffic efficiency, energy consumption, operational
load, infrastructure and deployment scale, data and node
resources, and safety services. The complexity is evaluated as
low, moderate, or high, as shown in Table 4, using the sub-
indicators inspired by previous work. This evaluation highlights
the prospective system requirements and provides a unified
approach when choosing the appropriate ML techniques and MHDs
for ITS implementations.

3.2. ML Taxonomy and Performance Model
The various learning techniques used in the literature for ITS

applications with MHD implementations are grouped into four cat-
egories, as illustrated in Fig. 2, which are regression, classification,

MHD

Regression* Vehicle Control Multipurpose Devices' MCU™
Classification’ Specialized Devices' FPGA Board'*
(__ Driver Assi ) (_Traffic Monitoring )
Cluster; ing: Hybrid Devices* Computer Board?*
( Road Detection ) ( Traffic Prediction )
Deep Learning’
( Vehicle Analysis ) ( Traffic Detection ) FPGA and MCU?* AG FPGA Board'"
Adaboost
( Object Detection ) ( Incident Recognition ) FPGA and RISC!* AG MCU#*
DNN —t—
FEncans ( Instruction Recognition ) ( Optimization ) GPU'
Auto-encoder
GMM ASICH
LSTM'
‘Widely adopted in the surveyed literature
RNN' *Adopted in the surveyed literature
- *Adopted for physical ITS protoypes
or physical ITS deployment in real
seenarios

Fig. 2. A taxonomy for MHDs and ML techniques utilized in the surveyed ITS applications, where ELM stands for Extreme Learning Machine, GMM for Gaussian Mixture
Model, FM for Fuzzy Minimals, DNN for Deep Neural Network, LSTM for Long Short-term Memory, and RNN for Recurrent Neural Network.

Table 3
The proposed levels of complexity of ITS indicators.

Complexity Levels

Indicator Low

Moderate High

Vehicle & Traffic Efficiency Low average travel time

Moderate average travel time

High average travel time

Energy

Operational Load

Infrastructure &
Deployment Scale

Data

Node Resources
Safety Services

Short queue length

Few congestion occurences

Low fuel consumption

Low peak hour traffic flow

Limited road coverage by ITS units
Low number and width of tracks
Low volume of data needed
Numeric data

Low availability of data

Small number of computational units
Low accident rate

Small number of violations

Limited coverage by safety services

Moderate queue length

Some congestion occurences

Moderate fuel consumption

Moderate peak hour traffic flow
Moderate road coverage by ITS units
Moderate number and width of tracks
Moderate volume of data needed
Numeric and/or acoustic and/or visual data
Moderate availability of data

Moderate number of computational units
Moderate accident rate

Moderate number of violations

Moderate coverage by safety services

Large queue length

Many congestion occurences

High fuel consumption

High peak hour traffic flow

Large road coverage by ITS units
High number and width of tracks
High volume of data needed
Audio-visual and/or time-series data
High availability of data

Large number of computational units
High accident rate

Large number of violations

Large coverage by safety services
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Table 4
The complexity scheme for the proposed ITS performance levels.

Evaluation Indicator Levels
Complex: The problem is highly demanding in terms of resources and service requirements Most indicators are in high level and none are low
Somewhat Complex: The problem is somewhat demanding in terms of resources and service requirements Most indicators are in moderate level

Simple: The problem is undemanding in terms of resources and service requirements

Most indicators are in low level and none are high

clustering, and DL. This grouping is based on the input-output
mapping relationship, where regression predicts real-valued labels
of unseen data, classification labels unseen data given a discrete set
of possible classes, and clustering identifies patterns or regions
within a dataset. These categories incorporate classical ML algo-
rithms in addition to simple ANN architectures. A fourth DL cate-
gory is proposed to include more sophisticated and complex NN
architectures, which may be used for any of the other three
categories.

The surveyed papers utilized various performance indicators for
the ML techniques deployed. These include, among others, the
following:

e Accuracy (Lee and Kim, 2018; Luo et al., 2017; Zhu et al., 2017;
Jinetal,, 2014; Lu et al., 2016; Yuan et al., 2016; Shi et al., 2015;
Vasconcelos et al., 2017; Deng et al., 2020; Outay et al., 2019;
Lyu et al., 2018; Li et al., 2019; Wang et al., 2017; de Paula
and Jung, 2015; Abughalieh and Alawneh, 2020; Gkolias and
Vlahogianni, 2019; Chen et al., 2017; Panahi and Gholampour,
2016; Wang et al.,, 2019; Lee and Kim, 2018; Luo et al., 2017;
Zhu et al., 2017; Jin et al., 2014; Lu et al, 2016; Yuan et al,,
2016; Shi et al., 2015; Vasconcelos et al.,, 2017; Deng et al.,
2020; Outay et al., 2019; Lyu et al, 2018; Li et al., 2019;
Wang et al,, 2017; de Paula and Jung, 2015; Abughalieh and
Alawneh, 2020; Gkolias and Vlahogianni, 2019; Chen et al.,
2017; Panahi and Gholampour, 2016; Wang et al., 2019;
Campoverde and Barros, 2019; Jing et al.,, 2017; Soon et al,,
2018; Shvai et al., 2020; Mhalla et al., 2018; Wang et al.,
2017;Xie et al.,, 2018;Hu et al., 2015;Fang et al., 2016;Bulan
et al., 2017;Magrini et al., 2015;Dey et al., 2018;Yu and Gu,
2019;Ke et al., 2018;Chung and Sohn, 2017;Shi et al., 2016;Vu
et al,, 2017;Ke et al., 2018;Singh and Mohan, 2018;Lee and
Min, 2018;Du et al., 2020;Zang et al., 2018;Zheng et al., 2019;
Zhan et al., 2018)

Precision (Chen et al., 2019;Heredia and Barros-Gavilanes,
2019;Wont et al., 2018;Chen and Huang, 2016;Tian et al.,
2019;Li et al., 2018;Wang and Zhou, 2018;Lee and Kim,
2018;Zhu et al, 2017;Yuan et al, 2016;Shi et al, 2015;
Vasconcelos et al., 2017;0utay et al., 2019;Lyu et al., 2018;Li
et al.,, 2019;Wang et al., 2017;Abughalieh and Alawneh, 2020;
Chen et al,, 2017;Wang et al.,, 2019;Campoverde and Barros,
2019;Xie et al., 2018;Ke et al., 2018;Shi et al., 2016;Ke et al,,
2018)

Recall (Chen et al., 2019;Heredia and Barros-Gavilanes, 2019;
Chen and Huang, 2016; Tian et al., 2019; Li et al., 2018; Wang
and Zhou, 2018; Lee and Kim, 2018; Luo et al., 2017; Zhu
et al, 2017; Yuan et al.,, 2016; Shi et al.,, 2015; Vasconcelos
et al, 2017; Outay et al., 2019; Li et al., 2019; Wang et al.,
2017; Wang et al., 2019; Campoverde and Barros, 2019; Shvai
et al,, 2020; Xie et al., 2018; Ke et al., 2018; Shi et al., 2016;
Ke et al., 2018)

F1 score (Chen et al., 2019; Heredia and Barros-Gavilanes, 2019;
Lyu et al., 2018; Shi et al., 2016; Ke et al., 2018)

Mean absolute error (Li et al., 2018; Chung and Sohn, 2017;
Zang et al., 2018; Zheng et al., 2019; Zhan et al., 2018), mean
square error (Sanz-Madoz et al., 2019), root mean square error
(Chung and Sohn, 2017; Lee and Min, 2018; Zheng et al.,
2019), and average vertex error (Lee and Kim, 2018)
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e Area under curve (Dairi et al., 2018; Tian et al., 2019;Lee and
Kim, 2018; Deng et al., 2020; Singh and Mohan, 2018; Gkolias
and Vlahogianni, 2019), intersection over union (Konigshof
et al,, 2019; Zhu et al., 2017; Campoverde and Barros, 2019;
Xie et al., 2018), and overlapping (Chen et al., 2017; Li et al,,
2018; Lee and Kim, 2018; Chen et al., 2017)

True positive rate (Dairi et al., 2018; Mhalla et al., 2018; Bulan
et al.,, 2017; Singh and Mohan, 2018), false positive rate (Dairi
et al,, 2018; Chen et al., 2014; Li et al, 2019; Bulan et al,,
2017; Singh and Mohan, 2018), and false positives per image
(Khan et al., 2016; Sangeetha and Deepa, 2017; Kuang et al.,
2016; Chen et al., 2017; Campoverde and Barros, 2019;
Mhalla et al., 2018)

Miss rate (Khan et al., 2016; Sangeetha and Deepa, 2017; Kuang
et al., 2016; Chen et al., 2017; Campoverde and Barros, 2019)
and false alarm rate (Nguyen et al.,, 2016; Chen et al., 2017;
Panahi and Gholampour, 2016)

Specificity (Outay et al., 2019;Gkolias and Vlahogianni, 2019)
and sensitivity (Gkolias and Vlahogianni, 2019)

e Detection rate (Hsiao et al., 2016; Hassannejad et al., 2015;
Kuang et al., 2016; Nguyen et al., 2016; Weng and Chiu, 2018;
Chen et al.,, 2014; Wang and Zhou, 2018; Yuan et al.,, 2016;
Chen et al., 2017; Singh and Mohan, 2018) and recognition rate
(Gudigar et al., 2019; Weng and Chiu, 2018; Chen et al., 2014;
Jin et al., 2014)

Processing time (Hassannejad et al., 2015; Kosaka and Ohashi,
2015; Han et al, 2017; Wang and Zhou, 2018; Jing et al,,
2017; Vu et al., 2017), training time (Jin et al., 2014; Lu et al.,
2016; Soon et al., 2018; Yu and Gu, 2019; Zheng et al., 2019),
and testing time (Lu et al., 2016)

Throughput (Chen et al., 2013; Chen et al., 2019; Giesemann
et al., 2014; Wu et al.,, 2019), computing efficiency (Hsiao
et al,, 2016; Hsiao et al., 2015), and complexity (Wu et al.,
2019; Xie et al., 2018)

Operating frequency (Khan et al., 2016; Weng and Chiu, 2018),
frame rate (Khan et al., 2016; Heredia and Barros-Gavilanes,
2019; Lee and Kim, 2018; Chen et al., 2017; Ke et al., 2018),
and latency (Outay et al., 2019)

Thus, a holistic list of ML performance metrics is synthesized in
Table 2 to describe their competency and complexity. Then,
inspired by these metrics, a performance evaluation model of ML
techniques is proposed in Table 5. This model evaluates an ML
technique in terms of competency and complexity, given its esti-
mated accuracy, training data requirements, scalability, additional
abilities, time factor, additional needs, and robustness. As shown in
Table 6, the algorithm is evaluated as highly competent, compe-
tent, or modest. It is also evaluated as complex, somewhat com-
plex, or simple, as shown in Table 7. The competency of the ML
technique describes its performance, whereas its complexity
describes its computational and resource-demand characteristics.
Such an evaluation provides details on the expected performance
of the ML technique to facilitate the choice of model.

3.3. MHD Taxonomy and Performance Model

The various MHDs showcased in the literature are categorized
into three classes, namely MDs, SDs, and HDs. These classes, shown



I. Damaj, S.K. Al Khatib, T. Naous et al.

Table 5

The proposed levels of performance of ML indicators.
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Competency/Complexity Levels

Indicator Low Moderate High
Complexity e Logarithmic low or logarithmic high e Linear or almost quadratic e Higher than quadratic or exponential
Accuracy e Low accuracy e Moderate accuracy e High accuracy

e Low F-score e Moderate F-score e High F-score
Training Data o Small datasets e Moderate-sized datasets e Large datasets

o Numerical data e Numerical and/or acoustic and/or visual data e Acoustic and/or visual data

e Low dimensionality e Moderate dimensionality e High dimensionality
Scalability o Non-distributed architecture o Distributed and non-distributed architectures e Distributed architecture

o Sequential processing o Sequential and parallel processing e Parallel processing

e Low number of hyperparameters e Moderate number of hyperparameters e High number of hyperparameters
Additional Abilities e Does not support transfer learning o Does not support transfer learning e Supports transfer learning

e Cannot learn non-linear relationships e Can learn non-linear relationships e Can learn non-linear relationships
Time Factor e Long response time e Moderate response time e Short response time

o Short training time e Moderate training time e Long training time
Additional Needs e Requires pre-processing e Requires pre-processing e Does not require pre-processing

o No extensive hyperparameter tuning e Hyperparameter tuning e Extensive hyperparameter tuning
Robustness o Prone to overfitting e Somewhat prone to overfitting e Not prone to overfitting

in Fig. 2, comprise devices that are an integral part of any ITS sys-
tem, each possessing a distinct bouquet of features that determines
the device’s competency.

In MDs, MCUs, which are regarded as low-power devices, offer
limited computational capabilities, unlike the more sophisticated
Computer Boards that can handle demanding computational tasks.
MDs also include FPGAs that maintain programmable logic blocks,
offering hardware reconfigurability after manufacturing. While

MDs carry out general-purpose tasks, SDs are concerned with
specific tasks for targeted applications. In SDs, AG FPGA boards
and MCUs incorporate dedicated computational units that facili-
tate ITS applications, mitigating the complexity of their problems.
This class also includes GPUs, which are used in computer vision
applications, and ASICs, which possess specially designed func-
tional units for a particular use. A third MHD class is proposed to
address HDs that associate combinations of MDs and SDs.

ITS Complexity Simple momewhat Simple Somewhat Complex POl Complex
complex complex complex

Data and Operational At most one is Both are Both arc At lcast onc is Both arc Atlcastoncis | At lcastoncis

Load Indicators moderate low moderate moderate moderate high high

ML Competency ‘ | Modest | Competent Highly competent

ML Complexity Somewh:

ML Complexity

Infrastructure &

Deployment Scale and At most one is Both are Both are At least one is Both are At leastone is | At leastone is

Node Resources moderate low moderate moderate moderate high high

Indicators

MHD Competency ‘ | Modest | ‘ Competent ‘ | Highly competent

Fig. 3. A cross-matching evaluation chart that determines the competency of the MHD and ML technique needed to satisfy a pre-determined ITS complexity.

Table 6
The competency scheme for the proposed ML performance levels.

Evaluation

Indicator Level

Highly Competent: The technique holistically attains high performance
Competent: The technique holistically attains satisfactory performance
Modest: The technique holistically attains low performance

Most indicators are in high level and none are low
Most indicators are in mid-range level
Most indicators are in low level and none are high

Table 7
The complexity scheme for the proposed ML performance levels.

Evaluation

Indicator Level

Complex: The technique is computationally intensive and highly demanding in terms of resources
Somewhat Complex: The technique is computationally intensive and demanding in terms of resources
Simple: The technique is neither computationally intensive nor demanding in terms of resources

Most indicators are in high level and none are low
Most indicators are in mid-range level
Most indicators are in low level and none are high
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To better assess the competency of MHDs, a performance eval-
uation model, as shown in Table 8, is developed based on thought-
fully chosen performance indicators listed in Table 2. This model
evaluates the competency of a device based on its frequency, area,
power consumption, memory capacity, interfacing capability, and
time factor. It is important to note that some of the metrics in this
evaluation model vary among different devices. For instance, the
area is expressed in CUDA cores for GPUs, Logic Slices for FPGAs,
and General Purpose Processing Cores for Computer Boards. Fol-
lowing the proposed evaluation model, hardware devices of differ-
ent classes are evaluated as highly competent, competent, or
modest as shown in Table 9. This approach lays out a robust eval-
uation method that aids in selecting a MHD that caters for the
computational demands of a given ITS.

o High Frequency

e Large number of computational units
e Energy efficient

e Can process high volumes of data

e Provides a high memory bandwidth
o Large number of 10 ports

e A few communication interfaces

e Latest communication standards

e Low execution time

o High maximum frequency

High

4. Proposed Framework

In this section, we propose an evaluation framework, stimu-
lated by the taxonomies, and adapted from the evaluation model
of Damaj et al. (Damaj et al,, 2019; Damaj et al., 2020; Damaj
and Kasbah, 2018; Damaj, 2016; Damaj et al., 2020). The perfor-
mance indicators presented in the taxonomies of Section 3 are
used to develop complexity and competency levels with a three-
point scale. The overall complexity of an ITS application and an
ML technique as well as the competency of an MHD and an ML
technique can be individually evaluated using theses schemes. Fur-
thermore, a cross-matching evaluation chart that integrates the
different schemes to determine the needed ML and MHD compe-
tency for a desired ITS application is introduced to fulfill the sixth
research objective mentioned in Section 1. The specific levels of
performance of the ML technique and the MHD to be chosen can
be then deduced in a process of back-tracking from the compe-
tency schemes to the performance levels.

Competency Levels
e Adequate number of computational units

e Somewhat energy efficient
e Can process moderate volumes of data
o Provides mid-range memory bandwidth
e Mid-range number of IO ports
e A couple communication interfaces
e Modern communication standards

Ranges from 284 programmable ports to 2,304 programmable ports or More in FPGAs (IntelProduct Catalog, 2021; HWDEVICEG) Ranges from 14 (Buy a raspberry pi zero w, 2020)
o Mid-range execution time
e Mid-range maximum frequency

No ranges are available since Execution Time, and Maximum Frequency indicators are calculated per design

e Mid-range Frequency
Ranges from 450 MHz or lower to 1.5 GHz or higher in FPGAs (IntelProduct Catalog, 2021; HWDEVICEG) Ranges from 700 MHz or lower (Buy a raspberry pi zero w, 2020) to

Mid-range
Cores (GeForce RTX, 2020) or higher in GPUs

4.1. Cross-Matching Evaluation Chart

The cross-matching evaluation chart in Fig. 3 is developed to
deduce the recommended competency of the ML technique and
MHD to be utilized for an ITS application. The complexity of an
ITS application can be determined using Table 4 alongside the
levels of Data and Operational Load indicators matched with their
suitable ML competency. These ITS indicators encapsulate the vol-
ume and type of data the ML model has to deal with, as well as the
response time expected from this model. Since they are integral in
determining the desired ML competency, these indicators are sin-
gled out to ensure that they are of certain levels as per Table 3.
All possible exclusive combinations of levels are explored, where
the levels of the Data and Operational Load specified do not contra-
dict the definitions of the corresponding ITS complexities as shown
in Table 4. The ML complexity can be then easily inferred from the
determined competency, as their indicators vary proportionally,
e.g., Training Data (Competency) and Time Factor (Complexity).
Hence, a modest ML technique is mapped to a simple ML tech-
nique, a competent one to a somewhat complex one, and a highly
competent one to a complex one.

The MHD competency is deduced using the previously deter-
mined ML complexity and the Infrastructure & Deployment Scale
and Node Resources indicators. These indicators were carefully
chosen as they clearly indicate the competency needed in an
MHD. Moreover, the different scenarios are presented in an
exclusive manner and matched with their corresponding MHD
competency, varying from modest to highly competent. After
determining the needed ML and MHD competencies, the MHD
and ML technique to be used can be determined using Tables
5-78.

(IntelProduct Catalog, 2021; HWDEVICE6) Ranges from 2 GBs (GeForce GT 1030, 2020) to 11 GBs (Buy a raspberry pi zero w, 2020) or More in GPUs
programmable ports to 40 (Raspberry Pi, 2021) programmable ports or More in Computer Boards N/A in GPUs

1.5 GHz or higher (Raspberry Pi, 2021) in Computer Boards Ranges from 1.12 GHz (GeForce GT 1030, 2020) or lower to 1.54 GHz (GeForce RTX, 2020) or higher in GPUs
e Small number of 10 ports

e Small number of computational units
Ranges from 391,996 Logic Elements to 813,000 Logic Elements or higher in FPGAs (IntelProduct Catalog, 2021; HWDEVICE6) Ranges from 1 General Purpose (Buy a raspberry pi

Ranges from 512 MBs or less (Buy a raspberry pi zero w, 2020) to 4 GBs or more (Raspberry Pi, 2021) in Computer Boards Ranges from 2 GBs to 4 GBs or More in FPGAs

e Can process low volumes of data

o Provides a low memory bandwidth

o A single or none communication interfaces
e Only traditional communication standards
e Low maximum frequency

e Not energy efficient
Ranges from 2.1 Watts (Buy a raspberry pi zero w, 2020) to 6.4 Watts (Raspberry Pi, 2021) or Higher in Computer Boards Ranges from 75 Watts (GeForce GT 1030, 2020) to 250

Watts (Buy a raspberry pi zero w, 2020) or Higher in GPUs No Power Consumption ranges in FPGAs since this indicator is calculated per design

e High execution time

e Low Frequency
zero w, 2020) Core to 4 General Purpose Cores (Buy a raspberry pi zero w, 2020) or more in Computer Boards Ranges from 384 (GeForce GT 1030, 2020) CUDA Cores to 4,352 CUDA

Low

Indicator

Frequency

Area

Power Consumption
Memory Capacity
Interfacing Capability
Time Factor

The proposed levels of performance of MHD indicators.

Table 8
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Table 9
The competency scheme for the proposed MHD performance levels.

Journal of King Saud University - Computer and Information Sciences 34 (2022) 5921-5942

Evaluation

Indicator Level

Highly Competent: is a high-end device
Competent: is a mid-range device
Modest: is a low-end device

Most indicators are in high level
Most indicators are in mid-range level
Most indicators are in low level

[

\

ITS Rank

ITS Performance

Indicators E—
_Indictors

ML

Scheme

ML Rank

MHD Rank

MHD
Scheme

\Cross-matching Chart

%
4

Ve
Selection ML Selection MHD Sclection Selection
Recommendation Sub-model Sub-model Recommendation
| Selection |
Selection Model Indicators
\_ J

Fig. 4. A conceptual selection model that can be integrated with the proposed cross-matching evaluation model.

4.2. Selection Model Concept

The cross-matching evaluation model presented above aims at
ranking ML techniques and MHDs that promise a certain level of
performance per ITS complexity. A conceptual selection model is
proposed in Fig. 4 with the purpose of selecting (or recommending)
the ML technique and MHD suitable for an ITS application. The pro-
posed selection model concept highlights the need for additional
indicators that are beyond the cross-matching chart and the per-
formance aspect of the evaluation process, which include the scope
of application (real deployment or testing and validation), budget,
and the choice of technology that matches the problem type. The
MHD selection sub-model takes into consideration indicators that
were not included in the cross-matching framework, such as, pro-
cessor (general purpose versus specific purpose) and IC technolo-
gies (Programmable Logic Devices versus ASICs), as well as the
suitable MHD ranks obtained from the cross-matching chart. It is
worthy of note that the MHD selection indicator that chiefly influ-
ences the selection process is the cost of target device. As for the
ML selection sub-model, it considers the type of problem (super-
vised learning, unsupervised learning, or reinforcement learning)
and its operation scenario, as well as the suitable ML technique
ranks inferred from the cross-matching chart. The proposed sub-
models can combine heterogeneous, qualitative, and quantitative
indicators (Damaj et al., 2019, 2021; Damaj and Kasbah, 2018).
Furthermore, the sub-models can be formulated using traditional
decision-making techniques based on multiple criteria as com-
bined statistically (Damaj et al., 2019) or using machine learning
(Damaj et al., 2021). It is worth noting that the cross-matching
evaluation model and the selection model were kept distinct to
establish separation of concern; as the first demonstrates a focus
on performance while the latter aims at capturing the concept of
aiding selection recommendations.

5. Discussion

The work presented in this investigation demonstrates signifi-
cance on several levels. As shown in Section 2, a large body of lit-
erature has sought to provide advancements in implementing ITS
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applications using modern ML techniques, and thus a comprehen-
sive survey of this literature is of importance. It is also worth men-
tioning that this survey, unlike similar surveys, has a special focus
on the utilized MHDs. Looking at implementation of an ITS applica-
tion through the lens of MHDs is vital, especially when considering
the real-world deployment of this application. Despite its impor-
tance, it is apparent that the selection of ML techniques and MHDs
by designers in the literature is rarely justified or dwelt upon. The
proposed evaluation framework enables designers to make well-
informed choices to attain high performance. Furthermore, the
presented taxonomy of ML techniques and MHDs highlights tech-
niques and devices that are over-utilized and those that are yet to
be used. To further discuss our presented work, this section
includes a validation procedure that tests the performance of the
proposed evaluation model, an elaboration on common and good
practices found in the literature, and a layout of limitations and
future work recommendations.

5.1. Validation

To assess the performance of our proposed framework, we fol-
low a validation procedure in which we reason about the authors’
choices in the surveyed articles for ML and MHD competencies
with those obtained using the cross-matching evaluation chart of
Fig. 3. We set the following criteria for choosing references from
the surveyed literature. The selected references must cover all
types of MHDs, ML techniques, and ITS applications as per the pro-
posed taxonomy in Fig. 2. The references should provide enough
information to assess the complexity and competency of the ITS
application, ML technique, and MHD used through the proposed
indicators in Table 2 and frameworks. Additionally, to eliminate
redundancy, we consider each member of the taxonomy only
twice, resulting in a robust validation of 16 references.

The outcome of our validation is illustrated as radar charts in
Fig. 5, 6, which present the classification outcome based on the
authors’ choices and the proposed cross-matching evaluation
chart. The difference between the authors’ choices and the result
of the cross-matching evaluation chart is quantified in Fig. 7 in
terms of the Difference in Classification metric (5.) (Damaj et al.,
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Fig. 5. ML Competency versus reference. Concentric circles depict the scale Modest
(innermost circle), Competent, and Highly Competent.
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Fig. 6. MHD Competency versus reference. Concentric circles depict the scale
Modest (innermost circle), Competent, and Highly Competent.

2019). This metric is the absolute difference in scale levels which
could be either 0 (Nil), 1 (Small), or 2 (Significant). The results
show that 62.5% of the references have a Nil ., 25% have a Small
dc, and only 12.5% have a Significant §., which shows that most
implicit evaluations done by the authors of these papers are in con-
formity with the proposed evaluation model.

The differences in classification between the authors’ choices
and our proposed framework are due to several reasons. To begin
with, our framework is tailored to recommend the ML and MHD
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Fig. 7. Difference in Evaluation (). The concentric circles depict the scale: Nil (0),
Small (1), and Significant (2).

competency choices that promise high performance due to intrin-
sic characteristics and specification, disregarding factors such as
price, re-usability, and practicality (Hsiao et al., 2016; Chen et al,,
2017). For instance, (Hsiao et al., 2016) used an FPGA to implement
a processor that is tailored for human detection. Using a GPU or a
hybrid system could promise higher performance; however, FPGAs
offer higher flexibility, lower cost, and a much-desired practicality
for producing a standalone SoC. Furthermore, in some
investigations, such as in Lee and Kim (2018), the grade of
performance-level of the chosen hardware device would be merely
for the purpose of testing and experimenting with a field pro-
grammable device, regardless of the requirements needed in real
ITS deployment scenarios.

In special cases, such as in Magrini et al. (2015), although
images were used for training, pixel intensities were clustered
for traffic flow detection. This problem is simpler than conven-
tional image recognition tasks, justifying the choice of Gaussian
Mixture Model instead of more sophisticated techniques such as
CNNs. Such a case is not detectable by our framework since it con-
siders all problems dealing with images as somewhat complex or
complex, as detailed in Table 3. This issue also affects the choice
of MHDs, where in Magrini et al. (2015), a modest device was used
since the ML technique used was simple, while our framework rec-
ommended selecting a highly competent MHD. Additional work,
where a classification difference was observed, include (Singh
and Mohan, 2018; Khan et al., 2016); no clear justification or rea-
soning for the authors’ choices was provided.

5.2. Common Practices

A common practice observed in the surveyed papers, namely in
(Lyu et al., 2018; Heredia and Barros-Gavilanes, 2019; Nguyen
et al., 2016; Shvai et al., 2020; Jin et al., 2014; Fang et al., 2016;
Konigshof et al., 2019; Li et al., 2019; Deng et al.,, 2020; Luo
et al., 2017; Bulan et al., 2017; Soon et al., 2018; Wang and Zhou,
2018; Chen et al., 2017; Kuang et al., 2016; Xie et al., 2018; Vu
et al., 2017; Abughalieh and Alawneh, 2020; Wang et al., 2017;
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Table 10

Papers attaining high accuracy values in the surveyed literature for various ITS applications.
ITS Application Ref. ML Acc.
Traffic Detection Soon et al. (2018) CNN 98.10%
Road Detection Li et al. (2019) CNN 96.87%
Traffic Detection Han et al. (2017) CNN 96.20%
Object Detection Kuang et al. (2016) CNN 95.95%
Vehicle Analysis Vasconcelos et al. (2017) K-means 95.45%
Instruction Recognition Li et al. (2018) ResNet 95.20%
Driver Assistance Chen et al. (2017) CNN 95.00%
Instruction Recognition Yuan et al. (2016) SVM 92.00%
Driver Assistance Abughalieh and Alawneh (2020) CNN 85.00%
Traffic Prediction Zang et al. (2018) CNN 83.00%

Ke et al., 2018; Zang et al., 2018; Zheng et al., 2019; Chung and
Sohn, 2017; Lee and Kim, 2018; Dey et al., 2018; Han et al.,
2017; Wang et al., 2019; Mhalla et al., 2018), is the selection of
CNNs as the adopted ML technique for solving various ITS prob-
lems that rely on visual data as input. This pattern is repeatedly
observed throughout the surveyed literature; Table 10 presents
the investigations that attained the highest reported accuracy with
a variety of ITS applications. The investigations listed in the tables
confirms the domination of CNNs as the preferred choice among
ML techniques. It is commonly known in the ML literature that
CNNs promise high performance in detection and recognition
without necessitating feature extraction as a pre-processing step.
Additionally, CNNs and neural network-based solutions are highly
flexible in terms of their architecture and can be tailored for a
desired application. State-of-the-art CNN models are also widely
available and pre-trained on large-scale image datasets. Hence,
they can be fine-tuned on application-specific datasets in the ITS
domain. From a hardware perspective, neural networks are consid-
ered to be embarrassingly parallel since they take little to no effort
to separate the overall task into independent sub-tasks (Prabhu,
2007). The intrinsic parallelism in CNNs enables accelerating train-
ing and reducing inference time—this justifies the common use of
GPUs and FPGAs for training and testing.

Additional common practices can be observed by tracking the
pattern ML-MHD choices among the surveyed articles. As evident
in Table 1, ML techniques are utilized mainly for the accuracy they
attain. Despite the importance of choosing an ML technique with
favorable performance, robustness, and a complexity that suits
its target ITS application, authors of have commonly focused on
accuracy for the evaluation of their models. Furthermore, the selec-
tion of MHDs was mainly influenced by their performance, as in
processing capabilities, and the wealth of available computational
resources within devices. Nevertheless, for certain applications,
other factors were considered of significant importance, namely
power consumption and flexibility. In fact, it is evident from Table 1
that most of the investigations that cited flexibility as one of the
prime hardware device choice factors chose FPGAs for their intrin-
sic high degree of parallelism and their famous physical hardware
reconfigurability.

5.3. Limitations and Pointers to Future Directions

Despite the significant progress in the literature, there exist sev-
eral gaps and limitations in the investigated work. First, the various
object and traffic detection problems tackled in investigations such
as (Xie et al., 2018; Gkolias and Vlahogianni, 2019; Shvai et al.,
2020; Deng et al., 2020) do not account for challenging conditions
such as harsh lighting, harsh weather, low resolution, and more. In
addition, various promising ML techniques, namely reinforcement
learning techniques, and MHDs, like Tensor Processing Units
(TPUs) and Coarse Grain Reconfigurable Arrays, have been under-
utilized for ITS applications in the literature. Little to no work using
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these techniques and devices has been reported despite their
promising potential. Similarly, AG FPGAs, which exhibit high com-
petence in Autonomous Driving and Advanced Driver Assistance
Systems applications, are not exploited in research. FPGAs, such
as Intel Cyclone 10 LP and Xilinx Artix-7 are sample devices that
offer defense-grade security and promising performance while
maintaining low power consumption. To that end, further consid-
eration of such a type of devices is recommended. On the other
hand, one observed limitation is that many investigations, such
as (Shvai et al., 2020; Deng et al., 2020; Huang et al., 2020; Wang
and Zhou, 2018; Ke et al., 2018; Fang et al., 2016), suffer from small
datasets or from the lack of diverse datasets. This can hinder the
process of achieving high accuracy or generalizing to unforeseen
data. Additionally, the limited size of FPGAs does not allow for
the implementation of resource-demanding algorithms. However,
the expected introduction of dense FPGAs in the future will facili-
tate the implementation of computationally intensive applications.

Although certain investigations have adopted some of the best
practices that guide future research, the numerous gaps and limi-
tations observed pave the way for a wider range of future direc-
tions. From the surveyed articles, recommended pointers to
future work are combined into the generalized categories pre-
sented in Table 11. These broad future work recommendations
are classified into optimization, modification, or extended utiliza-
tion of current approaches. Optimization aims to improve the per-
formance of the existing approach without any major changes to
the main MHD or ML technique to enhance efficiency (Tian et al.,
2019; Zhu et al., 2017), accuracy (Lyu et al., 2018; Du et al,,
2020; Lee and Kim, 2018; Zhu et al., 2017), scale (Zhan et al,,
2018), or any of the performance indicators. This is accomplished
by integrating multimedia processing, pre-processing, or post-
processing techniques that improve the quality of initial data and
obtained results. Another way is by diversifying the training data
through different datasets (Wang et al., 2019; Soon et al., 2018;
Wont et al., 2018; Zheng et al., 2019; Jin et al., 2014; Bulan et al.,
2017), data augmentation (Shvai et al., 2020), or data synthesis
to train the model for more challenging situations. Furthermore,
other ML parameters may be considered for training such as vari-
ous traffic conditions (Deng et al., 2020; Wang et al., 2019; Du
et al., 2020; Zheng et al., 2019), vehicle parameters, or road fea-
tures Shi et al. (2016) to achieve more inclusive results. In addition
to these methods, it is recommended to develop performance eval-
uation frameworks to assess the overall performance for different
scenarios and compare the abilities of different MHDs and ML
techniques.

The surveyed literature also presents opportunities for modify-
ing and extending the usage of the current approaches. Modifica-
tion implies developing other hardware implementations or
deploying different Al techniques. While FPGA- (Jing et al., 2017;
Hassannejad et al., 2015; Nguyen et al., 2016; Panahi and
Gholampour, 2016) and ASIC- (Sangeetha and Deepa, 2017) based
implementations are recommended in some cases, GPUs are more
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suitable for others (Han et al., 2017; Abughalieh and Alawneh,
2020). Integration of different Al techniques encompasses deploy-
ing DL techniques, such as CNNs, and comparing them with chosen
ML algorithms, or adopting more advanced algorithms for a certain
application in order to perform more adequately in terms of speed,
accuracy, power consumption, and multi-parameter capacity. Some
investigations also present promising results that suggest the pro-
spect of deploying them for different applications within as well
as outside the scope of ITS. Within the scope of ITS, it is recom-
mended to test an approach for real scenarios and assess the capa-
bilities of the system under different operating conditions or data
types with additional goals like detecting other objects or charac-
teristics than those initially sought as in (Wont et al., 2018; Lee
and Kim, 2018; Nguyen et al., 2016). Indeed, Ann Arbor Connected
Vehicle Test Environment (AACVTE) is a prime example of a real-
world deployment testing environment that is considered to be a
step towards the national deployment of connected vehicles and
infrastructure in the United States. Additionally, a contribution
may be utilized for non-ITS applications relating to Al problems
in industry and research (Yu and Gu, 2019). Notably, two of the
most frequent pointers to future work are those concerned with
the chosen ML techniques and hardware used for implementation,
both of which are included in the previously presented cross-
matching chart. Finally, these future directions present numerous
opportunities for researchers to tackle MHD challenges for ML
implementations within the scope of ITS while considering the
evaluation framework developed in this work.

6. Conclusion

The expected amount of data to be produced by ITS in the era
of Big Data has stimulated a notable research interest in applying
ML techniques to operate certain applications. With its ability to
process large amounts of data and find non-linear relationships
in complex systems, ML has caused a wave that has swept across
ITS by providing viable solutions to complex problems. While a
critical role is played by ML techniques in the quality of services
ITS offer, a similar role is imposed on the processing devices used
to run these data-driven techniques, especially with the recent
development in autonomous driving and connected vehicles. In
this paper, we provide a comprehensive survey on the recent lit-
erature of ITS applications where ML techniques were applied
along with MHDs to run these techniques. Inspired by the sur-
veyed literature, we propose a taxonomy in Fig. 2 that classifies
the sub-fields of ITS, ML, and MHDs, in a way that confines with
the survey context. To solve the non-trivial task of selecting a suit-
able ML technique and MHD for an ITS application with a specific
complexity, we develop a performance evaluation framework of
which the cross-matching evaluation chart is illustrated in
Fig. 3. The proposed framework provides a recommendation of
what competency of ML technique and MHD to select for an ITS
application, of which the complexity can be identified from the
proposed performance levels. Upon validation, our framework
proved adequately effective with only a few small differences in
classification out of a pool of references, and only two significant
differences between the framework’s recommendation and
authors’ choices.

Despite the extensive efforts in the literature, we identified sev-
eral gaps and limitations that could guide future research avenues.
From an ML perspective, additional efforts should be directed at
improving the robustness of models that will be used for real world
deployment. Most of the surveyed ITS applications that rely on
visual data would benefit from this as they are mostly trained on
datasets that don't fully represent real-world challenges. Hence,
investigating techniques such as domain adaptation could be
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useful to adapt models to real environments. Similarly, in the
realm of hardware, MHDs such as TPUs, AG FPGAs, or others, were
not used in the literature despite their promising characteristics.
Investigating the potential of such devices (Shreejith and Fahmy,
2014; Microchip, 2021; Microchip, dspic33ch, 2020; NVIDIAAGX
developer kit, 2021; Xilinx, 2021) could indeed lead improvements
to attain the desired performance for real-world deployment.

Our future directions set a road map for bridging the gap
between theoretical research and real-world deployment of ITS
through several steps. Firstly, future investigations can make more
use of recent advancements in ML research (Wu et al.,, 2019;
Goodfellow et al., 2014; Ivanov and D’yakonov, 2019; Vaswani
et al., 2017; Yosinski et al., 2014). Moreover, more focus can be
directed towards developing and testing suitable MHDs to satisfy
deployment requirements in real scenarios. Diversifying training
procedures can enhance the robustness of ML models at inference
against issues and conditions present in the real world. We expect
our proposed framework to ease the selection of suitable ML tech-
niques and MHDs in a manner that promises high performance. We
aim to extend our work by creating a recommender system
inspired by the developed framework.

The proposed cross-matching model can be generalized into a
pattern that comprises an application area, a problem-solving
technique, and implementation technology options. The proposed
pattern inspires the development of similar cross-matching models
for a variety of contexts. Work in progress comprises the develop-
ment of a model that aids the interweaving of optimization of
vehicular resources within a smart city, bio-inspired computing
techniques, and MHDs.
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